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ABSTRACT

Wireless Sensor Networks (WSNs) are infrastructureless wireless networks that com-
bine sensing, embedded computing, and wireless networking technologies together. De-
spite the diversity of WSN applications, some functionalities are so fundamental that they
are required by most WSN applications. We call them rthe fundamental services as we
believe these services are most important and indispensable for a wide variety of WSNs
applications. In this thesis work, we investigate solutions to three fundamental services,
namely, localization service, joint scheduling service, and adaptive sampling service. Sim-
ulation results and experimental results on real testbed demonstrate the effectiveness and
efficiency of these solutions. Our solutions to these fundamental services can serve as the

basic building blocks in most applications with WSNs.
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Chapter 1

Introduction

1.1 Wireless Sensor Networks Overview

Wireless Sensor Networks (WSNs) form a new information-gathering paradigm, which
combine sensing, embedded computing, and wireless networking technologies together. A
typical WSN consists of a large number of sensor nodes with each node equipped with four

major components:

e microprocessor and small amount of memory for signal processing and task schedul-
ing;
e sensing devices, such as acoustic sensor, temperature sensor, seismic sensor, mag-

netic sensor, and even video or still camera;
e wireless transceiver for data delivery;

e battery for energy supply.

Usually, once deployed, through short-range wireless communication, sensor nodes
form a multi-hop wireless network to coordinate their behavior, collect and report mea-
surement data, and process the data in a distributed fashion [3]. Sensor nodes play the
role of data generator by sampling the environment with installed sensors and injecting the
samples into the networks. In addition, sensor nodes play the role of router by routing the
data to its ultimate destination via multi-hop radio transmission. Sensor nodes may perform

in-network processing, such as data aggregation [43, 38, 63, 65], or serve as a cluster head



1.1 Wireless Sensor Networks Overview 2

Figure 1.1. A Mica2 Sensor Node from Crossbow Inc.

to coordinate the behavior of other sensor nodes within the cluster [24].

The power of WSNss lies in their capability of integrating sensing, embedded computing
and wireless networking into a small, low-cost, and low power device. As illustrated in
Figure. 1.1, a state-of-the-art sensor node, Mica2 from Crossbow Inc. [1], is as small as a
match box. Prior to WSNs, there are successful applications with distributed sensing. For
instance, in the United States, temperature and humidity information is provided by over
600 weather observation stations installed near airports, which form a wired sensor network
using sensors to collect local environmental observations. However, this network relies
on a wired network and power supply infrastructure, hence the cost associated with each
observation station is quite high. The high overhead cost makes spatially dense observation
impractical.

In contrast, the low-cost self-organized WSNs can be used easily to observe the envi-

ronment closely in range, densely in space, and frequently in time with reasonable energy
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consumption. The feature of self organization [ 10] introduces an infrastructureless network
and significantly reduces the involvement of human labor in the network deployment and
network configuration process. Hence, low cost network deployment (for instance, ran-
domly dropping the sensor nodes from the airplane), and network deployment in a hostile
environment are possible for WSNs. Dense networks of communicating sensor nodes can
significantly increase the Signal-to-Noise Ratio (SNR) of observations by reducing the av-
erage distance to the signal source. The highly dense network architecture is inherently
more robust against individual sensor node failures due to the redundancy in the network.
Low power consumption devices make the sensor node possible to run untethered for a
fairly long time without energy replenishment. All these advantages make WSNs powerful
enough to reveal previously unobservable phenomena in the physical world [45].

As a result, WSNs, with high temporal-spatial observation resolution, serve as a bridge
between the physical world and the digital world and promise to change the way we live.
It can be expected that in the near future, tiny and cheap sensor nodes will be deployed
anywhere, from roads, walls, cars to even human skins and bodies, to sense and report a
wide variety of physical measures such as temperature, light intensity, heart beat rate and
blood pressure. The potential applications of WSNs are limitless, ranging from highway
traffic monitoring, wildlife habitat monitoring, wildfire detection, to disaster response sys-
tems. A typical wireless sensor networks application for wildfire detection, the FireBug
system [14], developed and deployed by University of California, Berkeley, is illustrated in
Figure. 1.2.

1.2 Characteristics of Wireless Sensor Networks

WSNss are infrastructureless self-organized networks with their unique characteristics, which
make it impossible to directly apply existing algorithms and protocols in wired and wireless
networks to WSNs as effective solutions. It is worthwhile figuring out these characteristics,

which directly determines the design philosophy in WSNs before carrying out our research.
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Figure 1.2. The FireBug: A Wildfire Detection System with Wireless Sensor Networks [14]

e Stringent Energy Constraint
In WSNs, energy is the most precious resource due to its scarcity. Since there is
no infrastructure support, sensor nodes have to run for weeks or months after de-
ployment with human supervision. The battery is usually the only energy source to
all the sensing, computing and communication components. Unlike other handheld
terminals such as Personal Digital Assistants (PDAs), which can be recharged and
maintained by humans, the large scale of WSNs and the possible hostile environ-
ment make the energy replenishment very hard. Therefore, the WSN must be very
energy efficient and the energy efficiency requirement pervades all the aspects of

system design, and derives most of other requirements.

e Large Scale
Several factors necessitate the large scale of networks. First, a high temporal-spatial
observation requirement demands a large scale deployment of sensor nodes, espe-
cially when each individual sensor node is prone to fail. Second, a large number of

sensor nodes are required to prolong the network lifetime since the total energy avail-
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able in the whole network is proportional to the number of deployed sensor nodes.
Furthermore, a large number of sensor nodes renders enough redundancy of the net-
work, and such redundancy forms the basis for all scheduling algorithms aiming at
energy saving. For instance, coverage-preserving scheduling methods are proposed
to turn off redundant sensor nodes to save energy while the monitored field is still
effectively covered. Due to these reasons, WNSs are expected to consist of hundreds
or even thousands of sensor nodes, which is the order of magnitude larger than that

in traditional wireless networks.

o Limited Computation Resource and Communication Capability
The large scale of networks makes it very important to decrease the cost of individ-
ual sensor nodes, in order to make the cost of whole system acceptable. Besides,
the stringent energy consumption precludes the adoption of high performance com-
puting units and high-bandwidth wireless communication, which are usually energy
consuming. Therefore, in WSNs, the resources available to individual sensor node
are limited. Low processing speed and limited memory make the designs requiring

high resource consumption inapplicable in WSNs.

e Data Centric Naming Scheme
The main task of WSNSs is to collect environmental data. So data centric processing
is an intrinsic characteristic of WSNs. Usually, the ID of individual sensor node is
of no interests to applications or users. Besides, due to the sheer number of sensor
nodes, it is very hard to maintain a global unique ID for each sensor node. Therefore,
in WSNs, the name scheme is data-centric and the sensory data is usually accessed
through its content and location. This is essentially different from the Internet, where
data is accessed by IP addresses. For instance, an application in WSNs is most likely
to request sensory data through queries such as “collect temperature readings larger
than 22 Celsius” or “collect temperature readings in Room 2577, instead of queries

such as “collect temperature readings from sensor nodes with address a, b, and ¢”.

e High Dynamics
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In WSNs, high dynamics exist in both communication links and network traffic.
Sensor node failure is common due to their low-cost components, power depletion,
and hostile environment. Besides, high bit error rate, low bandwidth, and asym-
metric channels, which are typical characteristics of low cost wireless transceivers,
make communication links highly unpredictable. Therefore, the communication
links demonstrate high dynamics.

Furthermore, many applications in WSNs are driven by environmental events, such
as the approaching of an object in an object tracking application. The occurrence time
and the location of interested events are unpredictable. Therefore the responsive data
traffic from the sensor nodes to the data collection center (also known as the sink)
is unpredictable. Usually the traffic is distributed unevenly in time and space. It is
common that the data flow from a hot-spot area to the sink dominates the network
traffic and causes network congestion in local network segment near the hot-spot
area. Also, the location of hot-spot area varies with the evolving of the observed

phenomenon.

e High Redundancy

In WSNs, frequent node failures demand high redundancy to avoid network partition
and maintain a good coverage of the monitored area or a satisfactory spatial obser-
vation resolution. Unreliable communication links also require high redundancy to
achieve robust data delivery by providing multiple routes. Therefore, high redun-
dancy is the essential requirement of WSNs.

However, high redundancy is a double-edged sword. In WSNs, high data redundancy
usually exists in the data generated by neighboring sensor nodes. Transmission of
highly redundant data unnecessarily wastes precious energy resource. A better strat-
egy is to remove the data redundancy as early as possible by in-network data aggre-
gation. A more proactive and effective way to save energy is to design distributed
sampling schemes to coordinate the data sampling of sensor nodes, preventing the

generation of redundant data.
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e High-Level Information Delivery
In WSNs, users usually do not explicitly manage the actual information flow. In
most cases, they are only interested in high-level information, such as the occurrence
of a specific event, and they do not need to know how the data are collected and
computed. Hence, in WSNs, the goal is not necessarily to provide the raw data
from each sensor node, but rather to provide synthesized high-level information, for
instance, the average temperature of all the sensor nodes in a particular room. This

necessitates in-network data aggregation in WSNs for energy efficiency.

These distinguished characteristics of WSNs listed above impose a set of requirements
on the underlying network service, which are significantly different from all existing net-

works.

o Energy Efficiency. It becomes the key issue of whole system and pervades all the

aspects of system design.

o Adaptability. High dynamics in physical environment, communication links and traf-

fic flow require sensor nodes to be adaptive to frequent changes.

® Robustness. The high failure rate of low-cost sensor nodes requires system to be
robust and resilient to individual node failure, by exploiting the high node redundancy

in the network.

e Self-Organization. The sheer number of sensor nodes and, sometimes, the hostile
environment require the WSNs to be able to setup effective network infrastructure
and configure the networks autonomously, minimizing the human involvement in the

deployment and configuration process.
e Scalability. The large scale of networks makes scalability an important issue in
algorithm and protocol design.

e Lightweight. Limited computation resource and communication capability of in-
dividual sensor node require lightweight algorithms and protocols and preclude the

design abusing system resources.
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e Content-Awareness. Data-centric naming scheme and in-network data aggregation

require intermediate sensor nodes to be content-aware.

1.3 Fundamental Service Support for Wireless Sensor Net-

works

A sensor node in WSNs is a resource-stringent embedded system. Therefore, the software
running on these sensor nodes should be application specific and the application specific
design can be expected to achieve the lowest cost and the smallest energy consumption
compared to the general purpose design.

Despite the diversity of WSN applications, some services in WSNs are so fundamental
that they are required by most WSN applications. We call them the fundamental services
and we believe these services are very important and indispensable for a wide variety of
WSNss applications and can serve as the building blocks for building up WSN applications.

We identify and list these fundamental services as follows:

o Energy-Aware Routing Service. It takes the energy consumption as a deterministic
factor in route selection, and hence delivers data via the most energy-efficient paths.

e [n-Network Data Aggregation Service. Running on intermediate nodes, it aggregates
the data from other sensor nodes. The data redundancy is removed and the total
size of data is decreased after the data aggregation, so the energy consumed in data
transmission is reduced.

e Topology Management Service. It turns off redundant sensor nodes in terms of net-
work connectivity, in order to save energy, while the connectivity of the network is
still maintained.

e Coverage-Preserving Scheduling Service. 1t turns off redundant sensor nodes in
terms of coverage, in order to save energy, while the whole monitored field is still

sufficiently covered.
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e Joint Scheduling Service for Sensing Coverage and Network Connectivity. Its goal
is the combination of that of topology management service and coverage-preserving
scheduling service, i.e., schedule sensor nodes to save energy and meet both con-

straints of sensing coverage and network connectivity simultaneously.

e Adaptive Sampling Service. By exploiting local spatiotemporal correlation of ob-
served phenomenon, it coordinates the sampling of distributed sensor nodes to sat-
isfy the observation fidelity requirement with minimum energy consumption. The
coordination should also be adaptive to the spatiotemporal correlation changes of

observed phenomenon.
e Localization Service. 1t provides location awareness for each individual sensor node.

e Time Synchronization Service. It establishes a common time base across sensor

nodes.

e Data Query Service. It retrieves the required data with minimum energy consump-

tion.

1.4 Contributions

Due to the inherent characteristics of WSNSs, it is impossible to directly apply their counter-
parts in traditional wired and wireless networks to WSNs as effective solutions. Although
all these fundamental services may be indispensable parts for particular applications, it is
impossible to address the solutions to all of these services in one thesis. Therefore, we
focus on investigating the solutions to three fundamental services, namely, localization ser-
vice, joint scheduling service for sensing coverage and network connectivity, and adaptive

sampling service. Our contributions are summarized as follows:

e Localization Service. For most applications, a localization scheme, which enables
individual sensor node to be aware of its current location, is indispensable, since

location is a very important attribute of sensing data. A temperature reading of 21
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Celsius is useless if we do not know the location associated with this reading. Be-
sides, location awareness is the prerequisite of geographic-based routing. Therefore,
localization service has become an essential requirement for realistic applications
over wireless sensor networks. Radio irregularity and stringent constraints on hard-
ware cost and power supply, however, make localization in WSNs very challenging.
In this thesis work, we propose a range-free localization method using Ring-Overlapping
based on Comparison of Received Signal Strength Indicator (ROCRSSI). We test its
performance with simulation for large-scale networks. Also, our method has been
implemplented on broadly-used MICA2 Motes [1] and tested with in-field experi-
ment for a small-scale network by Scott [49]. Compared to one of the best existing
range-free localization algorithm, Approximate Point In Triangle (APIT) [23], RO-
CRSSI exhibits better localization accuracy with lower communication cost and other

good features.

e Joint Coverage-Preserving and Connectivity Maintaining Scheduling Service. For
object tracking or event detection applications, sensing coverage, network connec-
tivity, and energy efficiency are equally important: a large sensing coverage is to
meet the users’ requirement that an event can be detected with a high probability;
network connectivity is to meet the users’ requirement that the detected event can be
delivered to the sink node; energy efficiency is to meet the users’ requirement that
the network should keep its operation as long as possible after the deployment. A
good scheduling scheme should achieve energy efficiency under the constraints of
sensing coverage and network connectivity. However, traditional methods for sensor
scheduling use either sensing coverage or network connectivity, but rarely both.

In this thesis work, we deal with a challenging task: How can we schedule sensor
nodes to save energy and meet both constraints of sensing coverage and network con-
nectivity? Our approach utilizes an integrated method that provides statistical sensing
coverage and guaranteed network connectivity. We use randomized scheduling for

sensing coverage and then turn on extra sensor nodes, if necessary, for network con-
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nectivity. Our method is totally distributed, is able to dynamically adjust sensing cov-
erage with guaranteed network connectivity, and is resilient to time asynchrony. We
_present analytical results to disclose the relationship among node density, scheduling
parameters, coverage quality, detection probability, and detection delay. Analytical

and simulation results demonstrate the effectiveness of our joint scheduling method.

e Adaptive Sampling Service. For continuous environmental data gathering applica-
tions, an adaptive sampling scheme is indispensable. By making the temporal and
spatial sampling rate of sensor nodes adaptive to the physical phenomenon changing
frequency, we can retain high fidelity of data collection with less energy consump-
tion.

In this thesis work, we propose a data collection method that is based on a careful
analysis of the surveillance data reported by the sensors. By exploring the spatial
correlation of sensing data, we dynamically partition the sensor nodes into clusters
so that the sensors in the same cluster have similar surveillance time series. They can
share the workload of data collection in the future since their future readings may still
likely be correlated and hence predictable. Furthermore, during a short time period, a
sensor may report predictable readings. Such a correlation in the data reported from
the same sensor is called temporal correlation, which can be explored to further save
energy. We develop a generic framework called Energy Efficient Data Collection
(EEDC) to address several important technical challenges, including how the sensor
nodes can be partitioned into clusters, how the clusters can be dynamically main-
tained in response to environmental changes, how the sensor nodes can be scheduled
in a cluster, how the temporal correlation can be exploited, and how the data in the
sink can be restored with high fidelity. We conduct an extensive empirical study to

test our method using both a real test bed system and a large-scale synthetic dataset.

The rest of this thesis is organized as follows. Chapter 2 reviews some research ad-
vances on the related topics. Chapter 3 introduces ROCRSSI as the solution to the local-

ization service. Chapter 4 introduces our scheduling approach that can preserve coverage
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and maintain network connectivity simultaneously. Chapter 5 introduces our EEDC frame-
work as the solution to the adaptive sampling service. Finally, Chapter 6 summarizes the

research work and presents future research directions.



Chapter 2

Related Research

2.1 Related Work on Sensor Localization

Making each sensor node aware of its current location information is essential for many
applications over WSNs. First, location information is needed to determine where sensing
data originates, e.g., the location of a monitored vehicle or the point of entry of a burglar.
Second, location information can assist in system functionalities such as geographical rout-
ing [33], location-based sensor scheduling [40], and location-based information querying
[21]. Third, location information facilitates application services such as a location direc-
tory service that provides doctors with medical equipment and personnel information in a
smart hospital. It is clear that with the advance of WSN technologies, many protocols and
applications will depend on location-aware devices.

Due to the stringent constraints of energy consumption, cost, and bandwidth on sen-
sor devices, traditional localization approaches are usually not suitable for wireless sensor
networks. New localization approaches have been proposed for wireless sensor networks
to provide per-node location information. These approaches can be divided into two main
categories: range-based methods and range-free methods. The former ones depend on
point-to-point distance (range) estimations to reference points to obtain nodes’ locations.
The latter ones, instead, do not depend on any absolute range information. In both methods,
a small number of reference nodes are assumed to know their own locations and serve as

anchor nodes.
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The general idea of range-based approach is to estimate the absolute point-to-point dis-
tance between a sensor node to anchors. Based on these distance estimations, in most cases,
triangulation is used to compute the locations of sensor nodes. Some approaches map the
received radio signal strength directly to the distance between the sender and the receiver
(4, 25] and thus are called RSSI (Received Signal Strength Indicator) methods. Neverthe-
less, due to the effects of multi-path fading, reflection, diffraction, scattering, background
interference, etc., radio signal propagation demonstrates great irregularity [19]. Therefore,
it is hard to get accurate distance estimation based purely on RSSI. To improve estimation
accuracy, range-based approaches usually take advantage of averaging, smoothing, and
other hybrid techniques.

The Time Difference of Arrival (TDOA) technique [46] presents another means to get
range estimation with better accuracy than pure RSSI techniques. The main idea of TDOA
is to calculate the distance based on two distinct modalities of communication: ultrasound
and radio. Ultrasound signal and radio signal travel at vastly different speed. The radio
signal is used for synchronization and the ultrasound signal for ranging. The TDOA method
works very well but requires extra hardware on sensor nodes.

In contrast to range-based approaches, range-free approaches do not depend on absolute
distance estimations. Locations are estimated by utilizing the relationship between sensor
nodes and anchor nodes. Such relationship might be connectivity, hop-count information,
relative distance, etc. Several representative range-free localization methods include the
Centroid algorithm [6], mere connectivity based localization [52], the DV-hop approach
[42], and the amorphous positioning algorithm [41].

In the Centroid algorithm [6], a sensor node takes the centroid of all its audible anchors
as its estimated location. If all the anchors are deployed at the intersection points of a grid,
the average location estimation error is about the one-third of the distance between two
anchors [6].

In [52], mere connectivity information and a multi-dimensional scaling algorithm are

used for location estimation. Multi-dimensional scaling is a type of data analysis technique
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which requires O(n?) calculation complexity for a network of n nodes.

The DV-hop approach [42] obtains the estimation of distance between two nodes by
translating the hop count between them. Initially, anchors flood their location information
to all the nodes in the networks. Each node (sensor/anchor) maintains a minimum hop count
to their audible anchors. Once this phase is finished, an anchor infers the distance to another
audible anchor, divides the distance by the hop count to that anchor, and distributes the
information of the average distance per hop count to the network via controlled flooding.
The information of average distance per hop count is called “correction” information and
will be used by nearby sensors to map hop counts to distances. A sensor node uses the
latest “correction” information to estimate distances to anchors and finally performs multi-
lateration to three or more anchors to estimate its own location.

The amorphous positioning algorithm [41] is very similar to the DV-hop approach. The
main difference between the two methods is on the way of computing average per hop
distance. Instead of using simple division to get average per hop distance, the amorphous
positioning algorithm calculates average per hop distance using the Kleinrock and Sliver-
ster formula [32].

Unlike the above range-free approaches, APIT [23] and ROCRSSI use a totally dif-
ferent way for location estimation: a sensor decides whether itself fall within a sequence
of regular geometric areas (triangles in APIT and rings in ROCRSSI) by comparing re-
ceived signal strength, and narrows down the estimated area by overlapping all the areas
that the sensor node believes itself to reside in. APIT claims the best accuracy among all
the existing range-free methods and our simulation results demonstrate that ROCRSSI even

outperforms APIT in terms of accuracy and communication cost.

2.2 Related Work on Sensor Scheduling

As discussed in Section 1.2, high redundancy exists both in network topology and data col-

lection. In order to save energy and prolong the lifetime of sensor nodes, sensor scheduling
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plays a critical role by exploiting these redundancy and carefully coordinating the working
schedule of sensor nodes.

In order to exploit redundancy in network topology, redundant (in terms of network
connectivity) sensor nodes can be turned off to save energy without degrading the network
connectivity. Those protocols for this purpose are called topology management protocols.

The work in [22] provides the first asymptotic result on the relationship between the
power level and the network connectivity. By using percolation theory, it proves that in
order to maintain connectivity in a network with randomly placed nodes, the average node
degree of the network should be in the order of (logn + ¢), where n is the total number of
nodes and c is a constant. Another similar work could be found in [61].

With Geographic Adaptive Fidelity (GAF) [60], the area is divided into cells with same
size by a set of virtual grids. The size of a cell is small enough so that any node can
communicate directly with any other nodes within its neighboring cells. Therefore, only
one node is required to be active within a virtual cell in order to maintain the network
connectivity.

SPAN [8] maintains a routing backbone and allows sensor nodes that do not belong to
the backbone to sleep. The backbone nodes are also called “coordinators”. A coordinator
selection process is triggered periodically to balance the energy consumption among differ-
ent nodes, since compared to a non-coordinator node, a coordinator consumes more energy
to relay data for other nodes.

Adaptive Self-Configuring sEnsor Networks Topologies (ASCENT) [7] is similar to
SPAN in the sense that it chooses some sensor nodes to be active as routers while allows
others to sleep to save energy. However, unlike SPAN, ASCENT selects an active router
depending on not only local connectivity, but also the observed data loss rates. Therefore,
ASCENT can obtain a strongly connected network with more reliable transmissions.

Sparse Topology and Energy Management (STEM) [48] puts sensor nodes into sleep
state more aggressively. Sensor nodes wake up only when they have data to transfer or they

receive requests from their neighbors to forward the data to the sink node. A separated
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paging channel is dedicated to the wakeup operation. Therefore, STEM trades latency for
further energy saving.

In addition to maintaining network connectivity, maintaining a sufficient sensing cov-
erage is also a critical requirement of sensor networks, since sensing coverage directly
determines the monitoring quality provided by sensor networks in a designated region. By
turning off redundant (in terms of coverage) sensor nodes, the coverage quality can be
maintained and energy efficiency can be achieved at the same time. The existing coverage-.
preserving scheduling schemes for wireless sensor networks include [27, 54, 62, 64].

In [27], a random scheduling scheme and a coordinated sleep scheduling scheme are
proposed. In the random one, time is divided into slots with same length and each node
determines randomly and independently at each slot whether it should be on or off. In
the coordinated one, each node is assumed to be aware of its current location. Thus it can
check whether it is totally redundant or not. If yes, it backs off randomly. When the backoff
timer expires, it picks up a sponsor node set and broadcasts a request message to inform
the nodes in the sponsor set to stay awake in a predefined sleep period. The sponsor node
set consists of its neighbor nodes that can fully cover its sensing range. By adjusting the
backoff timer based on the relative residual energy, energy balance can be achieved.

A similar method was proposed in [54]. A coverage-based off-duty eligibility rule and a
backoff-based node-scheduling scheme were adopted to guarantee a high sensing coverage.

In [64], a sensor node uses a probing mechanism to determine whether it should sleep.
Once a sleeping node wakes up, it broadcasts a probing message to ask for reply from
its neighboring active nodes. If no reply is received within a timeout period, the node
assumes that there are no working nodes nearby and starts to work till it depletes its energy.
Otherwise, it believes that it is redundant and goes to sleep again. The coverage rate can be
changed by adjusting the probing range and the wakeup rate.

In [62], the authors divided the whole monitored field into grids and transformed the
area coverage problem into the grid intersection point coverage problem. Each sensor

node knows its location and its neighbors’ locations. By exchanging messages with its
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neighbors through an adaptive energy-efficient sensing coverage protocol, each node is
able to dynamically decide a schedule for itself, which guarantees the grid intersection
points within its sensing range to be monitored by itself or by its neighbors at any time.

Unfortunately, most of the existing work addresses the connectivity problem and the
coverage problem in isolation. They only solve one problem without considering the other.
However, to operate successfully, a sensor network must ensure network connectivity and
coverage quality at the same time. Treating coverage and connectivity in a unified frame-
work for coverage preservation and connectivity maintenance is critical in building up prac-
tical sensor network applications.

Recently, in [51], the joint problem of coverage and connectivity is considered in a net-
work with sensor nodes deployed strictly in grids. Each sensor node can probabilistically
fail. The sufficient and necessary conditions for connectivity and coverage in this type of
networks are provided.

The joint problem in more general sensor networks where the sensor nodes are de-
ployed at random is also investigated. In [66], it is proved that to ensure that a full coverage
of a convex area also guarantees the connectivity of the active nodes inside the area, the
communication range should be at least twice of the sensing range. Therefore, the joint
problem is simplified to maintain a complete coverage of a convex region if the commu-
nication range is greater than twice of the sensing range. In [55], the authors enhance the
work in [66] by releasing the constraint. They proved that “the communication range is
twice of the sensing range” is the sufficient condition and the tight lower bound to ensure
that complete coverage implies connectivity, no matter the area is a convex area or not.

In paper [58], the authors draw the same conclusion as in paper [66]. In addition, they
present a Coverage Configuration Protocol (CCP) that can provide fully coverage of a con-
vex region. In the case where the communication range is greater than twice of the sensing
range, the connectivity of networks is guaranteed by the full coverage, so no mechanism
for connectivity maintenance is needed. To deal with the situation where the communi-

cation range is less than twice of the sensing range, the authors propose to integrate CCP
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with a topology management protocol SPAN [8] to provide both coverage and connectiv-
ity. Note that since our method does not assume the availability of accurate locations of
sensor nodes, it is hard to provide a fair quantitive comparison between our method and
CCP+SPAN. Instead, we compare them qualitatively and summarize their main qualitative

differences in Table 2.1.

Table 2.1. Comparison of Our Method to CCP+SPAN

Method Full Coverage | Dynamic Coverage Adjustment | Location Awareness
Our Method | Not Guaranteed Allowed Not Needed
CPP+SPAN Guaranteed Not Allowed Needed

In [21], the authors develop the notion of a connected sensor cover, defined as the sensor
set that can fully cover the queried area and constitute a connected communication graph at
the same time. The authors also demonstrate that the calculation of the smallest connected
sensor cover is NP-hard, and they propose both centralized and distributed approximate
algorithms to solve it and provide the performance bounds as well. However, unlike our
approach, the method in [21] requires each individual sensor node to be aware of its precise

location, in order to check its local coverage redundancy.

2.3 Related Work on Adaptive Sampling

In WSNs, adaptive sampling is used to ensure the spatial resolution and/or temporal reso-
lution of collected data meets the requirement with minimum energy consumption. Theo-
retically, adaptive sampling problem is also a sensor scheduling problem, i.e., coordinating
the working schedule of distributed sensor node to ensure data quality. However, the target,
i.e., the requirement of data quality, is different from that of the sensor scheduling problem
we discussed in Section 2.2.

In Section 2.2, all the sensor scheduling methods aim at the event detection applications

in WSN, i.e., detecting and reporting the occurrence of interested events to the sink node
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with minimum delay. The sensor device has a coverage area in which any event occurs
will be detected with high confidence. Therefore, high detection rate of interested events
requires high coverage rate. Also, the timely delivery of detected event requires the network
is connected all the time. The sensor node does not transmit data to the sink unless event
detection occurs. In this context, the data quality is directly determined by the coverage
rate and network connectivity.

Adaptive sampling aims at continuous data collection applications in WSNs. In short,
this type of applications require sensor nodes continuously sampling local environmental
measures, such as temperature and humidity, and transmitting them back to the sink node.
Each sample of individual sensor node is associated with the sampling location and time.
Then the sink node assembles all the received samples, in order to reproduce the evolving
process of certain physical phenomenon in the monitored area. In this context, the data
quality is directly determined by the spatial and temporal resolution of these samples. In
order to save energy, it is desirable that sensor nodes can adaptively adjust their own tempo-
ral sampling rate and overall spatial sampling rate, responsive to the changing of physical
phenomenon, making the resulted spatiotemporal resolution just above the predefined res-
olution requirement.

It is apparent that sensor scheduling methods for event detection applications are not
applicable here, because they only consider the geographical distance between sensor nodes
in sensor scheduling. To achieve adaptive sampling, sensor nodes must aware of, and hence
exploit the spatiotemporal correlation among collected data.

Adaptive sampling by exploiting spatiotemporal correlation in WSNs is a brand new
topic. Although some research exploits the spatial correlation among sampling data, the
correlation is used in the context of in-network data aggregation [43, 38, 63, 65], where
the redundant data are partially aggregated in certain aggregation nodes on their way to
the sink. Our adaptive sampling approach utilizes the spatial correlation in the context of
sensor scheduling. Therefore, data redundancy among sensor nodes can be determined in

runtime to avoid the generation and transmission of redundant data. So we can expect our
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adaptive sampling approach can achieve much higher energy saving than in-network data
aggregation.

Rather than considering coverage as the only factor in scheduling, several pioneering
methods have been proposed to adjust spatial sampling rate according to statistic features
of the monitored phenomenon. In [18], a linear model was proposed to capture the spa-
tiotemporal correlations among sampling data from different sources. With this model,
most sensor nodes can be turned off and their readings can be estimated with certain accu-
racy by using the linear combinations of data from working sensor nodes. However, in real
world, a lot of systems may not be linear. Furthermore, the method of choosing the right
working nodes has not been discussed in [18].

A novel approach to adjusting spatial sampling rate with the help of mobile sensor
nodes was proposed in [5]. Mobility, combined with an adaptive algorithm, allows the
system to get the most efficient spatiotemporal sampling rate to achieve the specified data
accuracy. Mobility can also make the system respond quickly to unpredictable environ-
mental changes.

Unlike other energy efficient data collection techniques exploiting spatial correlation
such as Slepian-Wolf coding [9, 12] and model-driven data acquisition [13] where the spa-
tial correlation model among distributed nodes is assumed to be known as a priori, our
adaptive sampling method does not make any particular assumption on the spatial correla-
tion model. The only assumption made is that the observations of neighboring nodes are to
some extent correlated, and this correlation can be captured and exploited by our method
in runtime.

To exploit temporal correlation among sensor readings, our method adopts piecewise
linear approximation technique. Piecewise linear approximation is a hot topic in the database
research community and is widely used to classify, cluster, and index times series. The
basic idea is to approximate complex time series with pieces of line segments. Many al-
gorithms have been proposed [15, 44, 31, 30, 53, 57]. These algorithms are supposed to

be run on a server, which has enormous computational resources for mining huge time se-
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ries databases online or offline. Unfortunately, sensor nodes in wireless sensor networks
are actually an embedded system, and due to their stringent computation and energy re-
source, these methods cannot be directly applied. A lightweight algorithm, like the pro-
posed PLAMLIS algorithm that can achieve good balance among accuracy, optimization,

and resource consumption, is hence more suitable in wireless sensor networks.



Chapter 3

Localization Service

3.1 Introduction

As discussed in Section 2.1, location information plays a crucial role for many applica-
tions over WSNs and localization in WSNs has become an important research direction.
Many algorithms for WSNs have been proposed to provide per-node location information.
They can be divided into two categories: range-based methods and range-free methods.
Range-based methods depend on absolute point-to-point distance (range) estimation or an-
gle estimation, while range-free methods do not require any range information at all.

Range-based localization depends on the assumption that the absolute distance between
a sender and a receiver can be estimated by received signal strength or by the time-of-flight
of communication signal from the sender to the receiver. The accuracy of such estimation,
however, varies with the transmission medium and surrounding environment and usually
relies on complex hardware [46]. As the miniaturization of sensor nodes continues, the
hardware cost associated with range-based localization will make this method less and
less attractive. In contrast, range-free localization does not estimate the absolute point-to-
point distance based on received signal strength. As a result, the hardware can be greatly
simplified, making range-free localization appealing for WSNs.

In this thesis work, we present a range-free localization algorithm which uses Ring-
Overlapping based on Comparison of Received Signal Strength Indicator (ROCRSSI).

While many range-free localization approaches have been proposed [23, 41, 42], their
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performance has been evaluated only via simulation; we have not seen reports on real
implementation of these methods. We test our ROCRSSI localization method based on a
small-scale wireless sensor network with MICA2 Mote sensors. We have also performed
an extensive simulation study with large-scale sensor networks. Compared to one of the
best range-free localization methods, Approximate Point In Triangle (APIT), ROCRSSI is
more accurate and has several other good features.

The rest of this chapter is organized as follows. In the next section, we present the RO-
CRSSI localization method. In Section 3.3, we discuss the impact of radio irregularity on
the algorithm. In Section 3.4, we evaluate ROCRSSI experimentally using MICA2 Motes
in two network configurations, and in Section 3.5, we evaluate ROCRSSI using simulation
and a wide variety of network configurations. In Section 3.6, we compare ROCRSSI to
APIT, one of the best existing range-free localization algorithms. Finally, we conclude this

chapter in Section 3.7.

3.2 The ROCRSSI Algorithm

To calculate a position for sensor S, the ROCRSSI algorithm generates a set of rings each
containing S, computes the intersection of the rings, and uses the center of gravity of the
intersection as the estimated position of S.

The algorithm is based on the following assumptions, for S and the nodes within its

radio range:

1. There are two kinds of nodes: anchor nodes and sensor nodes. Anchor nodes are spe-
cial nodes that know their own locations via GPS (Global Positioning System) [26]
or other means. The positions of the anchor nodes are known to S. The distance
between anchor nodes X and Y is denoted by d(X,Y).

2. The Received Signal Strength Indicator (RSSI) values between each pair of anchor
nodes and between each anchor node and S are known to S. The received signal

strength measured by node Y for a signal transmitted from node X is denoted by
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(a) (b) (c)

Figure 3.1. An Example of ROCRSSI: How S Decides Its Location

(X, Y).
3. Signal strength decreases monotonically as distance increases, with some variation

as noted in Section 3.3.

Consider the scenario shown in Figure 3.1. A, B and C are anchor nodes and S is
a sensor node. As shown in Figure 3.1(a), using assumption 1, S can calculate the ring
centered at A. The inner radius is d(A, B); the outer radius is d(A,C). Suppose that
(A, B) > (A, S). Then S can conclude that it lies outside the circle with center A and
radius d(A, B). Suppose further that v(4, S) > (A, C). Then S can conclude that it lies
inside the circle with center A and radius d(A4, C). Hence, S lies in the shaded ring shown
in Figure 3.1(a). In the same way, another ring centered at C can be computed, as shown in
Figure 3.1(b). Hence, S lies in the intersection of the two rings. Circles, as well as rings,
can be used to reduce the intersection area. For example, as shown in Figure 3.1(c), if
v(B,S) > (B, A), S can conclude that it falls within the circle with center B and radius
d(B, A). With more rings or circles, the intersection area of the rings and circles becomes
smaller and smaller.

The ROCRSSI algorithm operates in three phases:
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1. RSSI measurement:. each sensor node and anchor node measures RSSI from each

anchor node in range.

2. Anchor node data distribution: each anchor node transmits its location and the RSSI

data from the previous phase.

3. Sensor node location estimation: each sensor node uses the data from the previous

two phases to determine its position.

In the first phase, each anchor node transmits a fixed number of messages containing
the anchor identifier. Both the anchor nodes and the sensor nodes monitor the RSSI value
for these messages. After the last message has been received, each node computes the mean
RSSI value for each node within range.

In the second phase, each anchor node A transmits a message containing the anchor
identifier and location, and a [y(X, A), identifier] pair for each anchor node X within

range of A, computed in the previous phase. At this point, each sensor node S has acquired:

e The location and identifier of each anchor node within range.
e A value for y(X, S) for each anchor node X in range, acquired during the first phase.

e For each anchor node A within range of S, a value for (B, A) for each anchor node

B in range of both A and S, acquired during the second phase.

For example, in Figure 3.1(a), suppose that the nodes shown are all within radio range of
each other. Among the four nodes, there are 12 ordered pairs. At the end of the second
phase, S will have acquired an RSSI value for 9 of the 12 pairs. The three values y(S, A),
v(S, B), and (S, C) will be absent, because sensor nodes do not transmit in the ROCRSSI
algorithm. Note that, during the second phase, sensor S may receive a message from, e.g.,
anchor node A which contains information about an anchor node X in range of A but not
in range of S. This information will be discarded; S retains only information about anchor
nodes in range.

Obtaining enough information, in the third phase, each sensor node uses a grid-scan

algorithm [23] to calculate the center of gravity of the intersection area. In this algorithm,
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the whole field is divided into a square grid. In general, finer grids result in better accuracy
but also larger computational overhead. A counter, initialized to 0, is associated with each
square in the grid. Each time when the sensor node generates a ring, it increments the
counter value associated with the squares within the ring. Once all the ring regions have
been processed, the sensor node scans the grid to find the area with the maximum counter
value. It takes this area as the final intersection area and calculates its center of gravity as

its location.

3.3 Impact of Radio Irregularity

According to measurement results over real sensor devices, radio propagation is usually
not homogenous in all directions [19, 50, 67], i.e., different directions have different radio
attenuation rates. Factors such as heterogeneous transmission environment in different
directions [67] and antenna position in sensor devices [49] may cause such phenomenon.
Figure 3.2 shows the radio propagation pattern of MICA2 Mote sensors measured with an
experimental test bed [49].

Therefore, a good localization algorithm should accommodate radio irregularity. The
ROCRSSI algorithm is resilient to radio irregularity for the following two reasons.

First, the grid-scan algorithm helps reduce the influence of incorrect rings generated
from radio irregularity. The incorrect rings are those the sensor node assumes itself to
reside in, but actually it does not, due to radio irregularity. As mentioned before, the grid-
scan algorithm takes the grid elements with maximum counter value as the final intersection
area. In Figure 3.3, suppose that more than half of the rings generated by RSSI comparison
are correct, and that the intersection area of all correct rings is the gray area labeled as A.
The center of gravity of A will be taken as the estimated location of the sensor, because even
if all the incorrect rings have no intersections with A and all the incorrect rings overlap at
one place, the counter values associated with the grid elements at that incorrect place must

be smaller than that of the elements in A. As a result, incorrect rings will not impact the
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Figure 3.2. External Antenna Radiation Pattern with MICA2 Mote Sensors (8m) [49, 50]
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location calculation. If some incorrect rings overlap with A, such as ring R2 in Figure 3.3,
then the final intersection area may not be very accurate. Nevertheless, since the size of A is
usually small when the number of in-range anchors is large enough, the center of gravity of
the final intersection area will be close to the sensor. As such, even if ROCRSSI generates

some incorrect rings, it can still yield fairly accurate location estimation.

incorrect ring R1

incorrect ring RZ

Figure 3.3. Grid Scan Algorithm Alleviates the Influence of Incorrect Rings

Second, the anchors that are used for sensor localization usually fall within a certain
range. As shown in Figure 3.4, sensor node S will only use RSSI information from in-
range anchors A, B, and C, implying that S must fall within the shadowed area. This is
because in order to generate rings with A’s RSSI values, S must fall within the transmission
range of A, B, and C, and B and C must be able to hear A. The likely positions of anchors
and sensors shown in Figure 3.4 make ROCRSSI work reasonably well since it is true in
most cases that radio propagation is homogenous in a certain range of directions as shown
in Figure 3.2.

In summary, while there may exist rare situations where ROCRSSI estimates are poor,
the ROCRSSI algorithm is usually insensitive to radio irregularity and can achieve accurate
estimates. This claim is supported by the experiments and simulation described in the

sections to follow.



3.4 Experimental Study Based on MICA2 Motes 30

Figure 3.4. Likely Positions of Anchors and Sensors that Can Use ROCRSSI

3.4 Experimental Study Based on MICA2 Motes

3.4.1 Test Environment and Test Harness Setup

The ROCRSSI algorithm was implemented with MICA2 Motes by Scott [49]. For the
completeness of this thesis, we include the brief introduction on the implementation and
the test results. For more implementation details and more measurement results, please
refer to [49].

The ROCRSSI localization method was tested with MICA2 Motes in two different en-
vironments: a rooftop test range and an outdoor yard. The rooftop range is an industrial
RF emissions test range originally designed for measuring the RF emissions from telecom-
munications equipment. This range was used in order to avoid some of the unwanted and

unpredictable RF affects that can occur indoors such as movement of people and furni-
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ture. Although it is outdoors, this range exhibits some distinct multipath effects due to the
presence of a copper floor, metal air-conditioners and a metal shed at one end of the range.

The outdoor yard is a grass yard on a small slope with large trees and shrubs on the
perimeter and a one-storey wood-frame house along the side. This environment was chosen
because it should have fewer multipath effects. Unlike the rooftop environment, there are
no large metal surfaces to reflect the signal.

Each mote was placed on a wooden pillar, 63 cm from the ground. This distance was
used to ensure that the antenna is close to the 0.6 Fresnel zone to reduce the impact of
spectral reflections. The sensor mote was placed in the MIB510 programming cradle and
a serial cable was connected to a laptop computer located outside of the range. This was
done to ensure that there was no impact on the signal strength readings by having a human
body close to the equipment under test.

The motes were placed in the same configuration in both the rooftop test and the
outdoor-yard test, as shown in Figure 3.5. There are three anchor motes, labeled A, B
and C. Each pair of anchor motes defines a circle with one mote as the center and the
distance between the two as the radius. The sensor motes are labeled S;, Ss, ..., Si:. Note
that the test configuration, i.e., the number of anchors, the locations of anchors, and the
locations of sensors, is to thoroughly test potential areas that a sensor may be located .in.
Obviously, some locations, such as the locations of S and Sy, are intentionally selected not
in favor of ROCRSSI since they either are out of any rings or fall within a large intersection
area.

In both test environments, each test run lasted approximately 30 minutes and resulted

in 21 to 33 cycles. Each cycle consists of 9 signal strength samples.

3.4.2 Design and Implementation

MICA2 mote sensors run TinyOS, an event-driven operating system. The sensor begins
by sending a startBeacon message to the anchors. Then the sensor listens for beacons

and RSSI reports. The anchors start the beaconing process after they get the startBeacon
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Figure 3.5. Test Range Configuration, Anchor and Sensor Locations [49]
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message. Each anchor waits for a different length of time before it starts sending beacons
to avoid collisions.

The anchors then send periodic beacons while at the same time listening for beacons
from other anchors. Once they have heard all the beacons from another anchor, they broad-
cast an RSSI report to the sensor with the average RSSI heard from that anchor.

The message exchange between the motes is shown in Figure 3.6. Because we found
that the sensor was not always getting all the RSSI reports from the anchors, we imple-
mented an acknowledgement scheme: the sensor sends an acknowledgement when it re-
ceives an RSSI report from an anchor. If the anchor does not receive an acknowledgement,
it retransmits the RSSI report. Note that this acknowledgement mechanism is for test pur-
poses only. In real applications, a sensor might omit acknowledgements to save energy. As
long as a sensor collects enough beacon messages from anchors, it can estimate its location.
While the loss of several beacons may delay the estimation, it will not have a large impact
on the estimation accuracy.

For testing purposes the beaconing process restarts after it is done. There is a short
delay before the restart. When the anchors receive the restart message, they reinitialize and
start the beaconing process again. Using this approach, a test can be started and restarted
at any time. If the sensor mote is reset (using the hardware reset button) it will send out a
start beaconing message that will cancel any beaconing that is currently in process at the

anchors.

3.4.3 Test Results and Analysis
3.4.3.1 Verification

The purpose of this test was to verify that the ROCRSSI algorithm would work correctly
given a small number of test cases. We kept the anchor locations the same and looked at
a number of different regions that the sensor could be in, as shown in Figure 3.5. In these

tests, we used the distance between the nodes to generate an ideal RSSI value. These values
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had to be inverted so that we had a higher number for a closer distance. We selected RSSI
equal to 200 minus the distance. With this method, we made up a set of synthetic test files
to test ROCRSSI.

We use the synthetic test files to see if the algorithm could properly identify the area
containing the sensor. The result was a predicted location for each sensor: the location that
the ROCRSSI algorithm should choose if the difference between the signal strength mea-
surements is consistent with our assumptions about signal propagation. Table 3.1 shows
the results of the preliminary verification, comparing the predicted and actual locations.
Note that S, is a “undetermined node” since it is outside any ring. The estimate of S, is
based on the fact that it falls outside any ring but within the boundary of the test area. This
table also compares the average error for all sensor positions as well as the average error
with the undetermined node removed.

Since we use synthetic test files to generate ideal RSSI values, the results in Table 3.1
represents the best results ROCRSSI can achieve in the test configuration shown in Fig-

ure 3.5. Note that in our calculation the granularity in the grid-scan algorithm is 0.5 meter.

3.4.3.2 Measurement Results

Compared to the results in Table 3.1, results with real measurement data have larger errors
for some sensor nodes such as Sy, Sg, S5, which fall outside any ring, fall only within one
or two circles, or are close to the boundary between two regions. Under these situations,
there is a chance that ROCRSSI will either use a large overlapping area or put the sensor in
the wrong region. We stress again that the test configuration is selected to test all potential
scenarios. Nevertheless, even with this test configuration, our real measurement indicates
that some sensors such as S; and S;o have estimation accuracy close to the best results in
Table 3.1.

For each sensor, we tested the ROCRSSI algorithm at least 22 times. Note that we
intentionally omit the statistical results of total sensors, e.g. average error and standard

deviation. Such calculation is meaningless since one “undetermined node” such as 53 will
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Table 3.1. Verification Results with Ideal RSSI Values [49]

Sensor Anchor Positions Predicted | Actual | Error (m)
Position Location | Location
A B o X,Y) (X,Y)
S (17,15) | (19,18) | (29,15) | (24,16) | (25,16) 1.00
Sa (17,15) | (19,18) | (29,15) | (24,24) | (50,16) 27.20
Ss (17,15) | (19,18) | (29,15) | (20,16) | (21,23) 7.07
Sy (17,15) | (19,18) | (29,15) | (13,14) | (12,6) 8.06
Ss (17,15) | (19,18) | (29,15) | (15,15) | (16,13) 2.24
Se (17,15) | (19,18) | (29,15) | (32,15) | (33,12) 3.16
S7 (17,15) | (19,18) | (29,15) | (25,10) | (25,7) 3.00
Ss (17,15) | (19,18) | (29,15) | (32,15) | (30,17) 2.83
Sy (17,15) | (19,18) | (29,15) | (18,16) | (18,16) 0.00
S1o (17,15) | (19,18) | (29,15) | (20,18) | (20,18) 0.00
S11 (17,15) | (19,18) | (29,15) | (24,16) | (25,14) 2.24

Average Error = 5.16

Average Error with undetermined node S, removed = 3.18
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make the error extremely large. Instead, we list the detailed measurement results. To
save space, we only list part of our measurement results. In Table 3.2, we compare the
measurement results of S; with the rooftop range and the yard-range. Table 3.3 lists the

measurement results of Sg, Se, and S;o with the yard-range.

3.5 Simulation Study In Large-Scale Networks

3.5.1 Radio Model

For cost reasons, we did not test the ROCRSSI algorithm in a large-scale sensor network.
Instead, we used simulation to investigate the performance of ROCRSSI localization in
large-scale networks with different settings, i.e., network density, radio irregularity, and
anchor deployment strategy.

As demonstrated in [23, 49, 67], radio propagation exhibits the feature of non-isotropic
path losses. Thus, to closely approximate a real network environment, we do not use the
perfect circular radio model in our simulation. Instead, we adopt and extend the Degree
Of Irregularity (DOI) radio model [23] in our simulation. In this model, the DOI value is
defined as the maximum range variation per unit degree change in the direction of radio
propagation. Large DOI values represent large variation of radio irregularity. Unlike the
previous DOI model, we do not assume any lower bound on radio irregularity, i.e., even
close to the sender, radio irregularity may still be present. This model makes localization
challenging. The extended DOI model can calculate the possible received signal strength
at any point within the maximum radio range of a sender.

In the extended DOI model, the DOI value is still used to adjust the degree of radio
irregularity. The signal strength is C' x K (#)/d* where C is a constant, d is the distance
between the receiver and the sender and is smaller than the maximum radio range of the
sender, and K (6) is the coefficient representing the radio propagation feature in the specific

direction #. Thus the radio irregularity is expressed by different K (#)’s associated with
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Table 3.2. Comparison of Test Results of S; with Different Test Ranges [49]

Test # Estimated Position (X.,Y) Error (m)
Rooftop Range | Yard Range | Rooftop Range | Yard Range
(units = 0.5m) | (units = 1m)
1 (23,16) (23,16) 1 2
2 (24,16) (23,16) 0.5 2
3 (24,16) (23,16) 0.5 2
4 (24,16) (23,16) 0.5 2
5 (24,16) (23,16) 0.5 2
6 (24,16) (23,16) 0.5 2
7 (24,16) (23,16) 0.5 2
8 (24, 16) (23,16) 0.5 2
9 (24,16) (23,16) 0.5 2
10 (24,16) (23,16) 0.5 2
11 (24,16) (23,16) 0.5 2
12 (24, 16) (23,16) 0.5 2
13 (24,16) (23,16) 0.5 2
14 (24,16) (23,16) 0.5 2
15 (24,16) (23,16) 0.5 2
16 (24,16) (23,16) 0.5 2
17 (24,16) (24,24) 0.5 8.06

18 (24,16) (23,16) 0.5 2
19 (24,16) (23,16) 0.5 2
20 (24,16) (23,16) 0.5 2
21 (24,16) (23,16) 0.5 2
22 (24,16) (23,16) 0.5 2

Actual location of S;: (25, 16)

Average error with rooftop range = 0.52m

Average error with yard range = 2.25m
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Table 3.3. Test Results of Ss, Se, and Syo with the Yard Range [49]

Actual Location of Sg : (30,17), Average Error: 7.07m
Actual Location of Sy : (18,16), Average Error: 3.2m
Actual Location of Syg : (20,18), Average Error: 0.19m

Test # | Estimated Location (X, Y) Error (m)
Ss So S10 Sg | Se | Siwo

1 (23,16) | (19,13) | (20,18) | 7.07 | 3.16 | O
2 (24,24) | (18,13) | (20,18) [ 9.22 | 3.00| O
3 (23,16) | (18,13) | (20,18) | 7.07 | 3.00| 0
-4 (23,16) | (18,13) | (20,18) | 7.07 | 3.00 | O
5 (23,16) | (18,13) | (20,18) [ 7.07 | 3.00| O
6 (23,16) | (19,13) | (20,18) [ 7.07 | 3.16 | O
7 (23,16) | (18,13) | (24,16) | 7.07 | 3.00 | 4.47
8 (23,16) | (19,13) | (20,18) | 7.07 | 3.16 | O
9 (26,20) | (18,13) | (20,18) [ 5.00 | 3.00| O
10 | (23,16) | (24,16) | (20,18) | 7.07 | 6.00 | 0O
11 | (23,16) | (19,13) | (20,18) [ 7.07 | 3.16 | O
12 (23,16) | (19,13) | (20,18) | 7.07 | 3.16 | O
13 (23,16) | (18,13) | (20,18) | 7.07 [ 3.00| O
14 | (23,16) | (19,13) | (20,18) | 7.07 | 3.16 | 0O
15 (23,16) | (18,13) | (20,18) | 7.07 | 3.00 | O
16 | (23,16) | (19,13) | (20,18) | 7.07 | 3.16 | 0O
17 | (23,16) | (18,13) | (20,18) | 7.07 | 3.00| O
18 | (23,16) | (18,13) | (20,18) | 7.07 | 3.00 | O
19 | (23,16) | (19,13) | (20,18) | 7.07 | 3.16 | 0O
20 (23,16) | (19,13) | (20,18) | 7.07 | 3.16 | O
21 (23,16) | (19,13) | (20,18) | 7.07 [ 3.16 | O
22 (23,16) | (19,13) | (20,18) | 7.07 | 3.16 | 0O
23 | (23,16) | (19,13) | (20,18) [ 7.07 | 3.16 | O
24 | (23,16) | (18,13) | (20,18) | 7.07 | 3.00| O
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different directions. For 6 € [0, 360):

(

1 6=0

K(0) = { K(§ — 1) + Rand x DOI 6 is a positive integer

LK(t) + (6 —s) x (K(t) — K(s)) Otherwise
In the formula, Rand is a random number uniformly distributed between (—1,1), s =

6], and t = [6].

3.5.2 System Parameters and Performance Measurements

In our simulation, we studied several system-wide parameters which directly affect the

accuracy of location estimation of ROCRSSI:

e Radio transmission range (R): the maximum distance over which a sensor can suc-
cessfully send messages. This value is used for normalization only. All distances

including error estimation are normalized by R to ensure generally applicable results.

e Anchor to Node Range Ratio (ANR): the average distance an anchor beacon can

travel divided by R. We assume that all anchors have the same ANR in our simulation.

e Anchor Number (AN): the number of anchors deployed. We use AN, rather than An-
chor Percentage [23] because ROCRSSI does not depend on the density of sensors;

with ROCRSSI sensor nodes do not exchange information.
e Anchor deployment strategies. We investigated four anchor deployment strategies
within a square with edge length 10R:
1. Even deployment at the edges of field. The anchors are deployed evenly at the
edges of field.
2. Random deployment at the edges of field. The anchors are deployed uniformly

at random at the edges of the field, and the number of anchors on each edge is

the same.
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3. Uniform deployment inside field. The field is partitioned into a grid with each
grid element the same size, and anchors are evenly divided amongst these grid
elements. The locations of anchors in each grid element are randomly selected.

4. Random deployment inside field. The anchors are distributed uniformly at ran-

dom inside the square field.

We define the location estimation error as the Euclidian distance between the real loca-
tion of a node and its estimated location. For each simulation scenario, 100 sensor nodes
are uniformly at random deployed in the field and ten runs with different random seeds were
executed and the results were averaged. We use average location error as the metric to eval-
uate the accuracy of location estimation. It is defined as the mean of location estimation
errors collected over all determined sensor nodes in ten runs. A sensor node is determined

if it falls within at least three rings (or circles). Otherwise, it is an “undetermined node.”

3.5.3 Results and Analysis

Varying Deployment Strategy Figure 3.7 indicates, that no matter how DOI and ANR
vary, uniform deployment inside field always has the best performance given the same
number of anchors. Also, the performance of random deployment inside field is very close
to that of uniform deployment inside field. Therefore, the random deployment has close to
the best performance, which is useful because this deployment is the easiest to carry out in
practice.

That deployment of anchors inside field has better performance than deployment of
anchors at the edges of field can be explained as follows. With ROCRSSI, anchors on the
edge reduce the coverage of rings since a ring will be cut by the edges and the usable range
of a ring with ROCRSSI is only half of the ring at most. In contrast, placing anchors within
the field can fully exploit a ring because the whole ring can be used potentially by several
Sensors.

Nevertheless, the differences of average location errors among different deployment
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Figure 3.7. Average Location Error under Different Deployment Strategies
strategies are not significant when ANR is large. When deployment strategies do impair

the performance of ROCRSSI, the impact can be controlled effectively by increasing the
radio range of the anchors. In the simulation, we used uniform deployment inside field to

obtain the best accuracy in each scenario.

Varying DOI Figure 3.8 shows that, with the increase of DOI, the average estimation
error increases. This is because, with the increase of DOI, radio propagation has large
variation along different directions. As a result, a ring generated by the comparison of
signal strength may not represent the real area containing a sensor. Estimation based on

incorrect rings is likely to have errors.
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Figure 3.8. Average Location Errors vs. DOI with Anchors Uniformly Deployed inside

Field
Fortunately, as explained in Section 3.3, the grid-scan algorithm used to calculate the

center of gravity of the intersection area helps reduce the influence of wrong rings. As a
result, ROCRSSI can achieve accurate estimation, even with irregular radio propagation
with DOI as large as 0.2. For instance, from Figure 3.8, when AN= 81 and DOI= 0.2,
ROCRSSI can achieve estimation with average error of 0.4R, which is acceptable for most
applications [23].

As shown in Figure 3.8, the performance with ANR value of 15 is very similar to the
performance with ANR value of 7.5, demonstrating that when ANR value is large enough,

increasing this value further provides little benefit. This phenomenon is also confirmed by
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later simulation as shown in Figure 3.10.

Varying AN Figure 3.9 shows that increasing AN can reduce the average estimation
error. With more deployed anchors, a sensor node can hear more anchors and generate

more rings. As a result, the intersection area becomes smaller, resulting in more accurate

estimation.
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Figure 3.9. Average Location Errors vs. AN with Anchors Uniformly Deployed inside
Field

Varying ANR Figure 3.10 illustrates that, with a perfectly circular radio propagation
model (DOI= 0), increasing ANR reduces the average estimation error to the minimum
possible with the grid granularity in use. The reason is that increasing ANR will increase
the number of audible anchors per sensor node, and thus more rings will be generated. The
circular radio propagation model guarantees that each ring will certainly contain the sensor
node and can be used to narrow down the final intersection area, resulting in very accurate
estimation.

Figure 3.10 also shows that, when radio propagation is irregular, with the increase of
ANR, the average estimation error decreases and then oscillates around a fixed value. With

an irregular radio propagation model, increasing ANR has two effects: (1) the number of
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audible anchors per sensor node increases and (2) more incorrect rings might be generated
by possible anchor pairs in different directions. When ANR is small, the first effect dom-
inates, and thus the average estimation error can be reduced. When ANR is large enough,

however, both factors can influence the final outcome, causing the oscillation.
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Figure 3.10. Average Location Errors vs. ANR with Anchor Uniform Deployment inside
Field

3.6 Comparison between APIT and ROCRSSI

We were unable to find implementations for other range-free localization algorithms [23,

41, 42). Consequently, simulation is the best available means for performance compari-
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son between ROCRSSI and other range-free algorithms. We compare the performance of
ROCRSSI and Approximate Point In Triangle (APIT) [23], because APIT [23] performs
extremely well with randomly deployed wireless sensor networks and also because there

are important similarities between APIT and ROCRSSIL

3.6.1 Introduction to APIT

APIT is a range-free localization method depending on anchor nodes. Because the number
of anchor nodes is usually small, each node can use the Global Positioning System (GPS) to
determine its location and can be equipped with a powerful radio transceiver. Using beacon
messages from these anchors, APIT divides the neighborhood area of a sensor node into
many overlapped triangles. The vertices of these triangles are anchors this sensor node
can hear. The sensor node can narrow down the area in which it may reside by checking
whether it falls within a triangle. Utilizing information from all anchors in range, the size
of the intersection area of triangles can be reduced, and the center of gravity of this area
is taken as the sensor’s approximate location. As shown in Figure 3.11, the shadowed area
is the intersection area of all perceived triangles and the center of gravity of the shadowed
area is taken to be the sensor’s location. A sensor node is considered “undetermined” if the
node does not fall within any triangle.

Therefore, a sensor must have the ability to check whether it falls inside or outside a
triangle. As shown in Figure 3.12, the perfect PIT test theorem [23] can be used for such a

test:

If there exists an adjacent point of point M, which is further from or closer
to points A, B, and C than M simultaneously, then M is outside of AABC.
Otherwise, M is inside AABC.

Since a node cannot move around to carry out the above test, neighboring sensor nodes
exchange information to perform an approximate test, i.e., if a node has no neighboring

nodes further or closer to three anchors simultaneously, this node is assumed to fall within
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Figure 3.11. An Example of Triangle Overlapping in APIT

the triangle formed by the three anchors. Otherwise, it is assumed outside the triangle.

It is easy to see that the accuracy of the above test depends greatly on how many neigh-
bors a node has. Fortunately, in realistic wireless sensor networks, sensor nodes are typ-
ically densely deployed. APIT’s accuracy also requires that two sensor nodes can decide
their relative distance to an anchor by comparing the received signal strength from the
anchor.

APIT is sensitive to node density and requires a fairly high node density for a good
performance [23]. In contrast, ROCRSSI does not perform message exchanges between
neighboring sensors, making it insensitive to sensor radio transmission range and sensor
density. While this is an advantage of ROCSSI over APIT, it makes it difficult to perform
an absolutely fair comparison between APIT and ROCRSSI.

Nevertheless, from the results in [23], when sensor density is above 15 (i.e., a sensor

node has 15 neighboring sensor nodes in average), APIT performs best and the estimation
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C B C
Figure 3.12. Point In Triangle (PIT) Test

accuracy is relatively stable. To get a reasonably fair comparison, we set sensor density to
around 15 by adjusting maximum sensor radio range in the simulation. We use the same
extended DOI radio model to test APIT. Moreover, we use the optimal anchor deployment
strategy and ANR value for each method to make the two approaches achieve roughly the

best performance with the same number of anchors.

3.6.2 Average Location Error

Figure 3.13 demonstrates that ROCRSSI always outperforms APIT in terms of average
estimation error, whether the radio propagation is regular or irregular. This is because the
intersection of rings usually has smaller size than the intersection of triangles. A simple
example can be found in Figure 3.14, where it is easy to see that the size of the shadowed
ring intersection area is smaller than the size of AABC.

The accuracy of APIT in our simulation is worse than that reported in [23] due to
different radio models. In paper [23], the DOI radio model is used. In this model, radio
irregularity has influence only on the number of immediate neighbors of each sensor node.
If each pair of sensors can symmetrically communicate correctly, APIT assumes that they
can always make a correct decision on whether one is closer to or further from a certain

anchor. In the extended DOI model, however, radio irregularity can influence not only the
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number of immediate neighbors of each sensor, but also the correctness of their decision
on their relative distance to a certain anchor by the comparison of received signal strength.
Therefore, in the extended DOI model, APIT will have more errors on the decision of
whether a node is inside or outside a certain triangle. This factor can significantly decrease
the accuracy of APIT, resulting in worse performance than that claimed in [23].

We also simulated an improved version of APIT, denoted as APIT+ in Figure 3.13.
Using the grid-scan algorithm, when a triangle is picked up by the sensor node, only those
grid elements within the maximum range of all anchors in range are added. This method
improves the performance of APIT in face of radio irregularity with extra checking for each

grid element.

3.6.3 The “Undetermined Nodes” Problem

Besides the improvement in accuracy, ROCRSSI can eliminate the inherent “undetermined
nodes” problem in APIT, regardless of the anchor deployment strategy. We verify this
claim by considering the worst cases in ROCRSSI.

We have studied all four deployment strategies with ROCRSSI and observed that ran-
dom deployment of anchors inside field can yield more “undetermined nodes” than uniform
deployment of anchors inside field, and random deployment of anchors at the edges of
field can yield more “undetermined nodes™ than even deployment of anchors at the edges.
Therefore, we only present the results for two deployment strategies: random deployment
of énchors inside field and random deployment of anchors at the edges of field.

Figure 3.15 shows the ratio of “undetermined nodes™ under the above deployment
strategies with different ANR and DOI values. The figures show that, if ANR is larger
than a threshold value(for example, 7.5 in the simulation), there will be no “undetermined

nodes.”
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Figure 3.15. Percentage of “Undetermined Nodes™ (“missing” curves mean no “undeter-

mined nodes.”)

3.6.4 Communication Overhead

Consider a sensor network with N anchors and M sensor nodes. Suppose that each broad-

cast from a sensor node costs 1 energy unit. Since the radio range of each anchor node is

ANR times of that of a sensor node, each broadcast from anchors costs roughly (ANR)?

energy units if we assume a free-space radio propagation model. In APIT, all nodes broad-

cast at least once under a collision-free situation, so the total number of broadcast messages

from sensor nodes is ©(M) and that from anchor nodes is ©(N'), where © means asymp-

totically tight bound. Therefore, the total energy consumption is ©(M) + ©(N) x(ANR)?
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energy units. In ROCRSSI, only anchors need to broadcast and sensor nodes do not need
to exchange any information for localization. So the total number of broadcast messages
is ©(NN) and the total energy consumption is ©(N)x(ANR)? energy units. In cases where
M > N and ANR is not very large, ROCRSSI consumes much less energy than APIT

with the same number of anchors deployed.

3.7 Summary

Range-free localization is promising in wireless sensor networks. In this chapter, we
present a new range-free localization method, which is based on overlapping rings to es-
timate sensors’ location. The rings are formed with the comparison of received signal
strength from anchor nodes. We performed simulation study to investigate its performance
in large-scale networks. Besides, our method was implemented on broadly-used MICA2
Motes and the in-field experiment was conducted in small-schale networks by Scott [49].
Both the experimental results and simulation results demonstrated that our range-free lo-

calization method has the following appealing features:

e It does not require sensor nodes to send out control messages and thus poses very

small overhead on sensor nodes.
e It generates small intersection area, resulting in accurate location estimatibn.
e It can eliminate the “undetermined nodes” if anchors’ radio range is large enough.
e [t is resilient to irregular radio propagation patterns.

e It can achieve better performance with less communication overhead, compared to

another well-known range-free method, APIT.



Chapter 4

Joint Scheduling Service for Sensing

Coverage and Network Connectivity

4.1 Introduction

In previous chapter, we propose a method to make each sensor node obtain its accurate
location. However, obtaining accurate locations is not free. In this chapter, we deal with
a challenging task: Without accurate location information, how can we schedule sensor
nodes to save energy and meet both constraints of sensing coverage and network connec-
tivity? This problem should be solved in a lot of applications with WSNs, such as the
detection of chemical attacks or the detection of forest fire. We use the following example
to stress the importance of solving this problem.

Example: Imagine that a wireless sensor network is deployed to detect forest fire. The
network should be able to detect the outbreaks of wild fire at any location within the mon-
itored region with a high probability and report the outbreaks to the data collection center
(also known as the sink node) with a small delay. In this example, sensing coverage, net-
work connectivity, and energy efficiency are equally important: a large sensing coverage
is to meet the users’ requirement that an event can be detected with a high probability;
network connectivity is to meet the users’ requirement that the detected event can be deliv-
ered to the sink node; energy efficiency is to meet the users’ requirement that the network

should keep its operation as long as possible after the deployment. A good scheduling
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scheme should achieve energy efficiency under the constraints of sensing coverage and
network connectivity.

The difficulty in the above joint scheduling problem is that a sensor’s sensing range is
totally independent of its radio transmission range. It is generally hard to combine and solve
the two problems together. This is the reason that although scheduling based on sensing
coverage [2, 27, 36, 40, 54, 59, 62, 64] and scheduling based on network connectivity [8,
20, 60] have been studied extensively, very little work has been devoted to solving the joint
problem. Since it is usually costly to obtain and maintain the location information of each
sensor node, the joint scheduling problem is even more difficult if the location of each
sensor node is unknown.

In this thesis work, we are motivated to provide a solution to solve the joint schedul-
ing problem under both sensing coverage and network connectivity constraints without the
availability of per-node location information. Specifically, we aim at designing a schedul-

ing scheme that has the following features at any given time:

1. The sensing coverage is above a given requirement.
2. All the active sensor nodes are connected.

3. Each active sensor node knows at least one shortest or nearly shortest route to the

sink node.

Our contributions to solving this problem are as follows. First, we propose a random-
ized scheduling algorithm and present the analytical results to illustrate the relationship
among achievable coverage quality, event detection probability, event detection delay, en-
ergy saving, and node density. We also demonstrate that the randomized algorithm is re-
silient to time asynchrony if the network is sufficiently dense. Such a feature is indispens-
able for a practical scheduling algorithm since precise time synchronization is very hard
for large sensor networks [17] and requires extra communication and energy consump-
tions. Second, we propose a rule to turn on extra sensors, so that the network connectivity

is guaranteed. The rule permits each sensor node to decide whether and when it should turn
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on in addition to the time slot scheduled by the randomized scheduling algorithm. Third,
with our joint scheduling method, each active node knows at least one path to the sink. In
this sense, the routing problem is simultaneously solved with the maintenance of network
connectivity and no extra routing protocols are needed. Finally, we carry out performance
evaluation and demonstrate that the joint scheduling method can achieve user-specified
coverage quality with guaranteed network connectivity.

The rest of this chapter is organized as follows. In the next section, we introduce the net-
work model. In Section 4.3, we introduce a randomized scheduling schemé that provides
statistical sensing coverage. In Section 4.4, we propose a joint scheduling scheme that is
based on the randomized scheduling algorithm and turns on extra sensor nodes, if nec-
essary, for maintaining network connectivity. In Section 4.5, we analyze the relationship
among coverage quality, detection delay, detection probability, energy saving, and node
density. Section 4.6 presents the performance evaluation of our joint scheduling scheme.

Finally we conclude this chapter in Section 4.7.

4.2 Network Model

There are many ways to organize the communication architecture of a sensor network.
A sensor network could be in a hierarchical structure where each sensor communicates
with a local cluster head and the cluster head communicates directly with the sink node.
Alternatively, it could be in a flat communication structure as well, where each sensor has
essentially the same role and relies on other sensors to relay its messages to the sink node
via multi-hop radio communication. In this thesis work, we assume the flat communication
architecture, where the joint problem of sensing coverage and network connectivity arises.

We consider stationary sensor networks in a two-dimensional field and assume that sen-
sor nodes are randomly and independently deployed in a field. Compared to other sensor
deployment strategies such as deployment in grids or in pre-defined positions, random de-

ployment is much easier and cheaper [56]. Also, scheduling for a regular network topology
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such as grids is simple and may not deserve further investigation.

We assume that a sensor node’s radio transmission range is fixed and totally indepen-
dent of its sensing range because of different hardware components involved. Unlike other
work [51, 66] that assumes certain relationship between the radio range and the sensing
range, our work makes no assumption on the relationship between them.

We do not assume accurate global time synchronization, which is an extremely hard
task for large-scale sensor networks. Instead, our scheduling algorithm permits slight time

asynchrony without performance degradation.

4.3 Randomized Scheduling for Coverage

We have designed a randomized scheduling algorithm for sensing coverage which has sev-
eral prominent features [34, 36]. The algorithm does not assume the availability of any
location or directional information. It is a purely distributed algorithm, thus scalable for
large networks. It is also resilient to clock asynchrony and requires only a roughly syn-
chronized clock, which significantly decreases the energy and communication overhead
introduced by maintaining network-wide time synchronization. In the following we briefly
summarize the basic idea of the randomized scheduling algorithm.

Assume that the sensor nodes constitute a set S. Given a number &, each sensor node
randomly joins one of the k disjoint subsets of set S. Once the k subsets are determined,
they work alternatively. At any given time, there is only one subset working, and all the
sensor nodes belonging to this subset will turn on. The intuition is that when the network
is sufficiently dense, each subset alone will cover most part of the field.

Figure 4.1 shows an example. Assume that we have eight sensor nodes (with IDs
0,1,...,7) randomly deployed in a rectangular area. Assume that the eight sensor nodes
will be assigned into two disjoint subsets, Sy and S;. Each sensor node randomly selects
a number (i.e., 0 or 1) and then joins the corresponding subset. Assume that sensor nodes

0,2, 5, 6 select number 0 and thus join subset Sp, and sensor nodes 1, 3, 4, 7 select number
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Figure 4.1. An Example of the Randomized Coverage-Based Algorithm

1 and thus join subset S;. Then subsets Sy and S; work alternatively, that is, when sensor
nodes 0,2, 5, 6, whose sensing ranges are denoted as the solid circles, are active, sensor
nodes 1,3, 4,7, whose sensing ranges are denoted as the dashed circles, fall asleep, and

vice versa.

4.4 Joint Scheduling: Random Coverage with Guaran-

teed Connectivity

4.4.1 Motivation

With the proposed randomized coverage-based scheduling scheme, the coverage quality
can be guaranteed statistically by setting an appropriate subset number k. Yet, there is no
guarantee on the network connectivity after scheduling. To operate successfully, a sensor
network must be connected so that sensor nodes can report the detected events to the sink

node. Therefore, in addition to sensing coverage, the sensor network must remain con-
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nected, i.e., the active nodes should not be partitioned in any schedule of node duty cycles.
We are hence motivated to enhance the above randomized scheduling algorithm such that

both coverage quality and network connectivity can be met at any given time.

4.4.2 Extra-On Rule

Given that the total number of subsets is k, after the randomized coverage-based scheduling
scheme, there are k sub-networks formed, each of which corresponds to a specific subset
and consists of all the nodes assigned to that subset. However, there is no guarantee on
the connectivity of each sub-network. The following extra-on rule ensures that each sub-
network is connected, given that the original network is connected when all the nodes are
on. Besides, it also guarantees that the path from any sensor node to the sink node has the
global minimum hop count.

Assume that each sensor node knows its minimal hop count to the sink node when all
the nodes are on. A sensor node A is called the upstream node of another sensor node B, if
node A and node B are neighboring nodes and the minimal hop count of node A to the sink
node is one less than that of node B. Node B is also called node A’s downstream node.

Extra-on rule: If a sensor node A has a downstream node B, which is active in time
slot 7, and if none of node B’s upstream nodes is active in that time slot, then node A should
also work in time slot 7. In other words, besides working in the duty cycles assigned by
the randomized coverage-based scheduling, node A is required to work in extra time slots,
e.g., time slot 7 in this case.

This rule requires each sensor node to maintain its minimum hop count to the sink node
and the list of its upstream nodes. We stress that the minimum hop count is used to label the
relative location information among sensor nodes. Since we focus on static sensor networks
only and the failure of certain nodes does not influence such relative relationship, our joint
scheduling based on the extra-on rule works correctly in face of network failure without
requiring periodical update of the minimum hop count values. The method of collecting

the hop count information and its energy cost will be addressed in detail in Section 4.4.4.
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It is natural to realize that the extra-on rule may cause problems of synchronization and
large overheads due to the dependency among nodes. These potential problems, however,
have been carefully avoided in our protocol design. The details will be provided in the

following sections.

4.4.3 The Correctness of the Extra-on Rule

Proposition 1: Given that the original network is connected. Applying the extra-on rule to
each sub-network obtained with randomized coverage-based scheduling ensures that each
sensor node has a shortest path to the sink node in the sub-network.

Proof: Let d; denote the shortest hop distance from sensor node 7 to the sink node
(d; > 1). Let sensor node set S,‘ denote the sensor nodes that are on one of the shortest
paths from sensor node 7 to the sink node and have a path to the sink with length [ (1 <
I < d; — 1) in the original network. Since the original network is connected, none of the Sj
(1 <1< d;—1)isempty. Also let p denote one sensor node in the set Sj.

If d; = 1, sensor node 7 has a shortest path to the sink with one hop. If d; > 1, with
the extra-on rule, in any time slot, there exists at least one node p with hop distance d; — 1
belonging to Sj,‘__l that is active and connected with sensor node ¢. Recursively, in any time
slot, for any sensor node i, there is a path {p} _;,pj _,,..-,p}} connecting sensor node i
and the sink node. Since the length of this path is equal to d;, this is a shortest path. |

Based on Proposition 1, after using the extra-on rule, each sensor has a path to the sink
node. We can therefore get the following proposition:

Proposition 2: Given that the original network is connected. Applying the extra-on
rule to each sub-network obtained with randomized coverage-based scheduling ensures the

connectivity of each sub-network.
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4.4.4 The Joint Scheduling Method in Detail

The joint scheduling method ensures the coverage quality and network connectivity simul-
taneously and has the following steps.

Step 1: Select a subset randomly

Initially, each sensor node generates a random number ¢ between 0 to k — 1 (0 and
k — 1 inclusive) and assigns itself to subset i. This is exactly the same as in the randomized
coverage-based scheduling scheme.

Step 2: Propagate minimum hop count

This step starts from the sink node at the time when it broadcasts a HOP advertisement
message to its immediate neighboring sensor nodes. Each HOP advertisement message
contains the minimum hop count to the sink, the nodeID and its subset decision. In the
packet broadcast from the sink, the minimum hop count is set to 0. Initially, the minimum
hop count to the sink is set to infinity at each sensor node.

Each node, after receiving a HOP advertisement message, will put the message in its
buffer. It will defer the transmission of the HOP message after a backoff time and only
re-broadcasts the HOP message that has the minimum hop count. Before the re-broadcast
of the HOP message, the hop count value in the HOP message is increased by 1. With this
method, HOP message broadcasts with a non-minimal hop count will be suppressed if the
HOP message with the actual minimal hop count arrives before the backoff time expires.
The number of broadcasts from each sensor node depends on the length of backoff time.
Increasing the backoff time will significantly decrease the number of broadcasts. Although
a large backoff time value will increase the total time required for the completion of this
step, we argue that it is an effective solution because this step is a one-time task for static
sensor networks and the energy is the most precious resource for sensor nodes.

If no packets are lost, our method can guarantee that at the end of this step, each sensor
node will obtain the minimum hop count to the sink node. In practice, packets may be lost
due to collisions or poor channel quality. Nevertheless, packet losses will not impact the

successful operation of our joint scheduling scheme, i.e., the network will still be connected
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even if some nodes may have only a nearly shortest path to the sink node. Our simulation
results in Section 4.6.2 demonstrate that the number of nodes without knowing the actual
minimum hop count at the end of this step is negligible even in the presence of packet
losses.

Step 3: Exchange information with local neighbors

Each sensor node locally broadcasts its minimum hop count, its nodelD, its subset
decision, the nodeIDs of its upstream nodes and their subset decisions. The upstream nodes
are the nodes from which the current node receives its minimum hop count. Each sensor
node records and maintains all the information it receives from its immediate neighbors.

Step 4: Enforce the extra-on rule to draw up working schedule

Based on the extra-on rule and the information from Step 3, each sensor node decides
the extra time slots it has to remain active to ensure network connectivity and updates its
working schedule accordingly. Then the updated working schedule is broadcasted locally
to neighboring sensor nodes.

It is easy to see that the update of a sensor node’s working schedule can impact the
working schedule of its upstream nodes and the neighboring nodes with the same minimum
hop count to the sink. To minimize the number of broadcasts of working schedule updates,
it is desirable that a sensor node updates its working schedule after it receives all of the
latest working schedules from its downstream nodes. This is exactly the reverse process
of Step 2. Therefore, a backoff-based broadcast scheme similar to that in Step 2 can be
applied here.

As an example, assume that the network consists of one sink node and four sensor
nodes, A, B, C, and D as shown in Figure 4.2. D is three hops away, B and C are two hops
away, and A is one hop away from the sink node. Assume that at the end of Step 1, A, B,
C and D pick up their working time slots as time slots 1, 2, 3 and 4, respectively. Assume
that D broadcasts its updated working schedule first. B and C are its upstream nodes and
in Step 3 they know that node D does not have an upstream node working in time slot 4.

After they receive D’s working schedule update, there are several possibilities.
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Figure 4.2. An Example of the Extra-on Rule

1. Case 1: Suppose that B and C can hear each other. If B broadcasts its working
schedule prior to C, C can hear B’s updated working schedule and knows that D has
an upstream node working in time slot 4. So C will not schedule itself to work in
time slot 4. In this case, B will work in time slots 2 and 4 and C will work in time
slot 3 only. Likewise, if C broadcasts its working schedule prior to B, C will work in

time slots 3 and 4 and B will work in time slot 2 only.

2. Case 2: Suppose that B and C cannot hear each other. B and C will both work in
time slot 4 to ensure network connectivity, no matter which node broadcasts first.

Therefore, B will work in time slots 2 and 4 and C will work in time slots 3 and 4.

In both cases, based on the latest working schedules received from nodes B and C, node
A will know that it has to work in time slots 2, 3 and 4 to ensure network connectivity.
Therefore, A will work in time slots 1 to 4.

At the end of this step, each sensor node obtains its working schedule and it works

according to this schedule.

4.4.5 System Overhead

In this section, we evaluate the system overhead of joint scheduling in terms of the average
number of broadcasts from individual sensor node.

Step 1: No broadcast is needed in this step.
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Figure 4.3. Average Number of Broadcasts per Node in Step 2

Step 2: The number of broadcasts from each sensor node depends on the length of the
backoff time. We study their relationship via simulation. We deploy 1500 sensor nodes
randomly in a 200 meters * 200 meters area and place the sink node at the center of the
area. The radio range of each sensor node is fixed to 10 meters. We adopt the CSMA MAC
layer protocol. To broadcast a HOP advertisement message, we assume that each sensor
node has to capture the channel for 1 ms. Figure 4.3 illustrates the results with the backoff
time from 1 ms to 120 ms.

From the figure, we can see that if the backoff time is large enough, each sensor node
almost broadcasts only once in this step. The energy saving is at the cost of longer delay
to complete this step, as shown in Figure 4.4. Nevertheless, since this is dn]y a one-time
task, the delay should not be tolerable. Actually, our simulation results indicate that if the
backoff time is set to 120 ms, the time from the moment when the sink node broadcasts the
HOP advertisement message to the moment when the last sensor node finishes the HOP
advertisement message is below 2500 ms, which is acceptable. Figure 4.4 also indicates

that using a too small backoff time does not necessarily reduce the total delay since a node
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Figure 4.4. Average Delay to Complete Step 2

may need to broadcast multiple times if HOP messages with a smaller hop value arrive
later.

Step 3: Each sensor node needs to broadcast only once to notify their neighbors.

Step 4: Since the propagation of the extra-on decisions is actually the reverse process of
Step 2, we can expect that most of the sensor nodes will broadcast only once if the backoff
time is appropriately set.

In conclusion, the overhead for most of the sensor nodes is three local broadcasts if the
backoff time in Step 2 and Step 4 are large enough. The whole system setup process can
be finished within several seconds, given a sensor network system similar to the one in our

simulation.

4.4.6 Advantages of the Joint Scheduling Algorithm

First, the joint scheduling method can guarantee that the resulting coverage quality is above

a given requirement, since the extra-on nodes actually increase the coverage quality pro-
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vided by the randomized coverage-based scheme. Later performance evaluation demon-
strates that the number of extra-on sensor nodes is not large in any time slot; hence good
coverage with guaranteed connectivity is not at the cost of large energy waste.

Second, the route from each sensor node to the sink node has the minimum or nearly
minimum hop count. This feature of our joint scheduling method roughly eliminates the
extra energy consumption on data delivery with unnecessarily longer paths.

Third, with the joint scheduling method, the routing problem is simultaneously ad-
dressed with the connectivity problem. A sensor node not only has a route to the sink node,
but also knows the upstream node in this route. Therefore, no additional routing protocols
are needed.

Fourth, the overhead to set up the system is small. As demonstrated in the previous
section, most sensor nodes need only three local broadcasts if the backoff times in Step 2
and Step 4 of the joint scheduling algorithm are set appropriately.

Finally, since each sensor node uses only local information to make its scheduling de-
cision, the joint scheduling method is purely distributed and is scalable well to large and
dense networks.

Note that our joint scheduling scheme exploits the redundancy in both sensing coverage
and network connectivity. However, we cannot exclude the possibility that some nodes
are critical nodes for connectivity, i.e., the network will be partitioned if these nodes are
turned off. Therefore, to meet the requirement of network connectivity, our joint scheduling
method has to turn on these critical nodes all the time. Therefore, these critical nodes might
die sooner than other nodes due to their heavier workload. We point out that there is no
method to solve this problem unless more nodes are deployed nearby these critical nodes to
increase redundancy. Also, note that the joint scheduling is decoupled from the MAC layer
protocol. Although the network topology is different from time slot to time slot, within a

single time slot, the network topology is fixed and any MAC layer protocol can be used.
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4.5 Performance Analysis

4.5.1 Performance Metric

There is a clear trade-off in the randomized scheduling algorithm. Generally, a larger k
value means more subsets, and thus a subset can wait longer until its next turn to work. As
such, the network can last longer. But a larger k value means smaller number of sensors
in each subset and thus potentially worse network coverage. We need to select a proper &
value so that the energy can be saved with desirable network coverage. For this, we need
to clearly define the network coverage.

Definition 1: Coverage Intensity for a Specific Point. For a given point p in the field,

we define the coverage intensity for this point as

where T}, is any given long time period and T, is the total time during 7, when point p is
covered by at least one active sensor.

It is obvious that C,, depends on both the number of sensor nodes deployed in the neigh-
borhood of p and the scheduling scheme. Due to the randomness in the sensor deployment
strategy and the scheduling scheme, C,, is a random variable. Hence, the expectation of
C, reflects the average time fraction when point p can be monitored. Notably, the expec-
tation of C, for any point inside the field is equal because sensors are independently and
uniformly distributed in the field (For simplicity, we ignore the edge effect for large de-
ployment area). Because of this reason, the expectation of C,, is a network-wide consistent
metric and could be used to evaluate the coverage quality of the whole network.

Definition 2: Network Coverage Intensity. We define the network coverage intensity,
C.,., as the expectation of C,. That is, C, = E[Cy].

Since the main task of wireless sensor networks is to detect and report interesting events
within the monitored field and the coverage intensity C,, reflects the probability that an

event can be detected, C,, can be considered as the coverage measurement of sensor net-



4.5 Performance Analysis 67

works. The ideal value of C,, is 1, which indicates that with the probability 1 every point
in the field is covered by at least one active sensor at any given time. But achieving this
ideal value may require very dense deployment and is extremely expensive. Since different
applications have different requirements on acceptable coverage intensity, a good schedul-
ing scheme should set the number of simultaneous working sensor nodes merely enough
to fulfill a given coverage requirement. In the sequel, we will investigate the relationship
among achievable coverage, energy saving, and the minimum number of required sensor

nodes.

4.5.2 Analysis on Coverage Intensity

For easy reference, all notations used in our probabilistic analysis are listed in Table 4.1.

Theorem 1: Without considering network connectivity, C, = 1 — (1 — —%)", where
g = ~ is the probability that each sensor covers a given point.

Proof: Suppose that a given point inside the monitored field is covered by s sensor
nodes, which construct a set denoted as set S. The randomized algorithm will assign each
sensor node in S to one of the k disjoint subsets randomly. Let’s consider the question of
how many subsets do not include any sensor in S. For the first subset, denoted as subset 0,
it must miss all the s sensor nodes to let the above event happen. Since each sensor node

hits the first subset independently with same probability of &,

Pr{Sy is empty} = (1 - %)

and thus

Pr{Sy is not empty} =1 — <1 - %)

This probability is the same for all subsets by symmetry.
We define a random variable X;. X; = 0 if S; is empty and X; = 1 otherwise. Let
X = Z?;S X; denote the total number of nonempty S;, (0 < j < k —1). Then
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Table 4.1. Notations

Symbol

Description

the total number of deployed sensor nodes

the time duration of each time slot

the size of the whole field

the size of sensing area of each sensor

the number of disjoint subsets

the number of sensor nodes that cover a

specific point inside the field

the set of sensor nodes that cover a

specific point inside the field

S;

the number of sensor nodes that belong to subset 7

and cover a specific point inside the field

the set of sensor nodes that belong to subset 7 and

cover a specific point inside the field

coverage intensity for a specific point

ale

network coverage intensity
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According to the definition of C,, the coverage intensity for point p, which is covered

by s sensor nodes, is

_E[X]xT _ ib'e
Cp—_kx—T_l_(l— )

Here s is a binomial random variable, and
2 n ; n—j
Pr{s=j}= i x g x(1-gq)

where g = Z is the probability that each sensor covers a given point.
Therefore, using conditional expectation, the network coverage intensity Cy, which is

the expectation of Cy,, can be calculated as

C. = E[C,)

o)

21—2(?) x(4-3) x0—a
=1-f-2}m

Corollary 1: For a given k, the lower bound on the number of sensor nodes required in

the whole network to provide a network coverage intensity of at least ¢ is

=

where g = ~.
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Proof: Based on Theorem 1, if we predefine the value of k£ and we require that the
network coverage intensity is no less than a threshold value ¢, we can compute the lower

bound on the number of sensor nodes required to fulfill the task, by solving the inequality
q n
— — > 1.
1 (1 k) t

It is easy to see that

Theorem 1 and Corollary 1 illustrate clearly the relationship among the coverage, en-
ergy saving, and the minimum number of sensor nodes. For example, if we sett = 0.9,¢ =
105> and k = 3, we can get n > 878 with Corollary 1, which means at least 878 sensor
nodes are required in the whole network to achieve a network coverage intensity of no less
than 0.9. This example also implies that, if we use 3-disjoint subsets and the ratio of each
sensor’s sensing range over the size of the whole monitored field is ;7;, the average number
of sensor nodes that cover a specific point is around 6 to meet a network coverage intensity
of 0.9. Note that the value 6 is estimated by calculating %’- — 1. From this example,
it is really exciting that the randomized algorithm can achieve a reasonably high coverage
requirement with a moderate network density.

Based on Theorem 1, we can easily get the following corollary:

Corollary 2: For a given n, the upper bound on the number of disjoint subsets to

provide a network coverage intensity of at least £ is

¢ _ 4
l_eln!i‘—t! 1 nl_t

where ¢ = I.

Corollary 2 is very useful in dynamically adjusting the coverage of a sensor network
after it is deployed. When the total number of sensor nodes is fixed, the network coverage
intensity can be adjusted by changing the number of disjoint subsets k. This feature is
extremely useful for practical sensor networks requiring adjustable measurement quality

for energy saving. Using Corollary 2, we can easily map the coverage requirement to an
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appropriate k value so that a perfect balance between energy conservation and coverage
can be achieved. The coverage can be adjusted by a simple message flooding to inform all

sensor nodes about the new k value.

4.5.3 Analysis on Detection Delay and Detection Probability

Besides coverage intensity, users sometimes may be interested in the detection probability
and the average detection delay. The detection probability is defined as the probability
that the occurrence of an event can be detected by one or more sensor nodes. The average
detection delay is defined as the expectation of the time elapsed from the occurrence of an
event to the time when the event is detected by some sensor nodes.

For the event lasting for a duration larger than (k — 1) x T, if there is at least one sensor
node covering the occurrence location of the event, it will be detected with probability 1.
Here k denotes the number of total subsets and 7" denotes the duration of each time slot. In
this case, a short average detection delay is desirable. In the following, we investigate the
average detection delay for events lasting longer than (k — 1) x 7', as well as the detection

probability for other shorter events.

4.5.3.1 Average Detection Delay

With random deployment, it is possible that there exist some blind points in the field, which
cannot be covered by any sensor nodes. For these blind points, the detection delay is
infinite. In the following analysis, we do not consider blind points since it is meaningless
for such evaluation if a point cannot be covered all the time.

Theorem 2: Assume that an event arrives at any time slot with equal probability and
lasts for a duration longer than (k—1) x T'. With the randomized coverage-based scheduling
algorithm, the average detection delay for an event occurring at a point covered by s sensor
nodes, is equal to £ [("—;—1)’ g9y (%)3]

Proof: Without lose of generality, we assume that the event arrives at time slot 0,
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followed by time slots 1,2, ...,k — 1. Time slot i (0 < ¢ < k — 1) is associated with the
working shift of subset i. Therefore, time slot 0 to time slot k — 1 consist of a scheduling
cycle. Let H; be the event that none of the s covering sensors belongs to subset z and H;
be the event that at least one of the s covering sensors belongs to subset i. Therefore, the

average detection delay, delay,, can be calculated as

k-1
delay, =Z/OT%*PT (HoﬂHlﬂ...ﬂE)*
i=1

(i*T —t)dt
5] (1 (B Ry (B
[1— (1—k1_i)s] «(ixT —t)dt

:§(2i_21)*T [(k;z)_ (kLk—l)]
=§[(k%)+2§(k:) [

From the above expression, it is easy to see that the average detection delay for a specific

point covered by s sensor nodes is influenced by three factors.

1. T: the time duration of each time slot, i.e., the working duration of each subset in
one round of scheduling. The average detection delay increases with the increase
of T. This is because a larger 7' will lead to a larger waiting time for the event to
be detected by the active sensor nodes of the next working subset, if no node in the

current subset can detect the event.

2. k: the number of total disjoint subsets. The average detection delay increases with
the increase of k (the derivative of delay, regarding k is always positive when k£ > 0
and thus delay, monotonically increases with the increase of k). This is because
increasing k will potentially increase the probability that no node in a subset can

detect the event and hence prolongs the event detection delay.
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3. s: the number of sensor nodes that cover point p. The average detection delay de-
creases with the increase of s. This is because a larger s value results in a less chance

of generating a subset such that none of its nodes can cover p.

4.5.3.2 Detection Probability

For events lasting less than (k — 1) x 7" and occurring at a point covered by s sensor nodes,
we calculate its detection probability, dp,.

Theorem 3: Let [ (< (k — 1)T') denote the duration of an event occurring at a point
covered by s sensor nodes. With the randomized coverage-based scheduling algorithm,
the detection probability of the event, dp,, is equal to 1 — (1 — 71)51 — 7132, where 71 =
£ = #]:.H= (1~ Ty, and g = (1 - L),

Proof: For an event with duration [ (< (k — 1)T), it can span either [£] or [£] +1
time slots. Therefore, dp, is equal to the probability that either case occurs, conditioned on

the probability that in the corresponding case there are some nodes detecting the event.

o= (1= (3 - | g x [1-a- )+

(5= |y [1-a-EE ]
=1—(1—m)B1— P

where v; = £ — |4, B = (1 — Hye, and g, = (1 — LEH1)s. Note that v, is

the probability that the event spans || + 1 time slots. From the above expression, the
detection probability for a specific point covered by s sensor nodes, dp,, is influenced by

three factors.

1. T': The detection probability decreases with the increase of 7'. It is not apparent from
the formula given above, but can be easily observed with numerical results. This is
because a larger 7" will make the event span fewer time slots and hence decrease the

detection probability.
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Figure 4.5. A Point p Monitored by s; Sensor Nodes in Subset i

2. k: The detection probability decreases with the increase of k. This is because a large
k value will increase the number of subsets that does not include a node to cover the
point.

3. s: The detection probability increases with the increase of s. This is because a larger
s value results in a smaller chance that a subset does not include any sensor to cover

the point.

4.5.4 Analysis on the Impact of Clock Asynchrony on Coverage Qual-
ity
4.54.1 A Glance at Clock Asynchrony

Intuitively, the randomized scheduling algorithm should work well without requiring strict
time synchronization. Let’s check the example shown in Figure 4.5. A point p in the
monitored region is covered by s; sensor nodes in the subset . Assume that among the s;

sensor nodes, some sensor nodes (e.g., sensor node 0) are ahead of the supposed starting
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time while some (e.g., sensor node 1) are behind the time. In this example, point p can
be monitored during the whole working shift of subset 7 even if the sensor nodes are not
synchronized very well.

There are only three possibilities that point p may not be monitored during the working

shift of subset i:

1. All the s; sensor nodes are ahead of the starting time of subset 2.
2. All the s; sensor nodes are behind the starting time of subset ¢.

3. Some sensor nodes in S; are ahead of the starting time of subset ¢ while some in S;
are behind the time, and there is a gap period when no sensor node in S; can monitor

point p during the working shift of subset <.

4.5.4.2 Analysis on the Impact of Clock Asynchrony

To facilitate analysis, we make the following assumptions:

1. We assume that the internal time ticking frequency of each sensor node is accurate

but may not be synchronized precisely to the standard time.

2. We assume that the clock drift of each sensor node from the standard time, At, is a

random variable following a normal distribution with parameters (0, o).

3. If we use T to normalize At, we assume At > % is an extremely rare case and could

be ignored.

For a point p in the region, we suppose that there are s; sensor nodes assigned to subset
i (1 < i < k) covering p. Let At; denote the deviation of the clock of the j-th sensor
node from the standard clock (0 < j < s; — 1). At; is a random variable following a
normal distribution with parameters (0,0). If At; < 0 holds forall j (0 < j < s; — 1),
indicating that all the clocks of these s; sensor nodes are ahead of time, there will be a
period of unmonitored time at the end of working duration of subset ¢ with the length of
min{—At;,0 < j < s; — 1}. Likewise, if At; > 0 holds forall j (0 < j < s; — 1),

indicating that all the clocks of these s; sensor nodes are behind time, there will be a period
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of unmonitored time at the beginning of working duration of subset ¢ with the length of
min{At¢;,0 < j <s; —1}.

Note that the sensor nodes with an ahead-of-time clock in subset 7 + 1 and the sensor
nodes with a behind-time clock in subset ¢ — 1 could help decrease the unmonitored time
length during the working duration of subset i. Nevertheless, considering these cases will
greatly increase the analysis complexity by introducing correlation between neighboring
subsets, we ignore these cases when calculating the network coverage intensity. Therefore,
the calculated network coverage intensity is the lower bound of its actual value.

We now calculate the expectation of unmonitored-time fraction (the time when p is not
covered by any of these s; sensor nodes) during the working shift of subset .. We denote
this expectation as E,,.

When s; = 0, it is obvious that Ey = 1. When s; > 0,

oo 0
B [ eh@dz+ [ —unG)a
where z = min{A¢;,0 < j < s; — 1}, y = max{At;,0 < j < s; — 1}, f1 (z) and f> (y)
are the p.d.f. (probability density function) of z and y, respectively.
Since Aty, Aty, - - -, At,,_; are independent random variables following a normal dis-

tribution, we can get

Pr{iz >a} =[1—®(a)]*

where @ (a) is c.d.f. (cumulative distribution function) of normal distribution. Therefore,

f (ZL‘) = $;0 (z) [1 - & (m)]Si—l

where ¢ (z) = —A—e” and & (z) = [*_ ¢ (z) d.

By symmetry, we have

/0 —yf2 (y)dyZAmwfl (z) dz

—0o0
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Therefore,
E,, = 2/ siz[l— @ (z)]" " ¢ (z)dz.
0

Since z follows a normal distribution with parameters (0,0), when z > 0, we have

®(z) > j.and thus 1 — @ (z) < 1.

5’
= LA sio [1\%72
. & ¥ s — —
E‘,,__2/0 SiT (2) o (z)dz \/%(2)

Here, E,, is the expectation of the unmonitored time fraction during the working-shift

So we get

of subset 7, which includes exactly s; sensor nodes covering the point p. Suppose that the
total number of sensor nodes in the network that cover point p is s. Any subset may contain
J sensor nodes to cover p, where j varies from 0 to s. Therefore, we can calculate the

expectation of unmonitored time fraction for any subset (denoted as E,):

E,= Z E; x Pr{the subset contains j nodes to cover p}
=0

(£ E 0000

_ (1_1)'+28_0(1_L)H
B k V2rk 2k

Thus, for any point covered by s sensor nodes, the expectation of the monitored time

fraction of the working-shift of any subset

. 1\* 2s0 1\=1
B=l=Bsli=fl=2] sc—»{fi==
( k) \/27rk( 2k)

We next calculate E, the expectation of E;.
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E = Z E, x Pr{the point is covered by s sensor nodes}
s=0

- n T
= E 8 _ n—s s
;0 ,(s)q (1-q)"™", where g =~
= 1\° /n i
ZI_Z(I_E) (3)08(1—9)

s=0
250 — (1 iy? (n ' (1 .
- Vo ‘ﬁ) s)“ ~9
—1_(1_9\'__ 200 (a7
=1-{1-%) Vark(1—) (-%)

For any point p, by symmetry, each subset has the same E value, so the expectation
of monitored time fraction, which is the network coverage intensity C,, according to the

definition, can be calculated as

_kxE_
=

Observing the expression of C,, above, we find that the term 1 — (1 — %)" is equal

Ca E

to the C,, in Section 4.5.2, where all the clocks are assumed well-synchronized. Thus,
the last term A = \/2——:::?;’_—‘1) (1- 5“,;)"-1 indicates the impact of time asynchrony on net-
work coverage intensity. The numeric results in Figure 4.6 show the weight of A over C,,
when ¢ = 0.1613 (which makes (Pr(At > %) is less than 0.1% and hence in the third
assumption in the beginning of this subsection holds). The small values of the weight indi-
cate that the impact of clock asynchrony on coverage is negligible and that the randomized

scheduling scheme is resilient to time asynchrony.
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4.6 Simulation Evaluation

4.6.1 Simulation Settings

We evaluate the performance of the joint scheduling algorithm on a simulator we imple-
mented in Java. We use the CSMA MAC layer protocol. In our simulation, we deploy
sensor nodes randomly in a 200 meters * 200 meters square region. The sink node is lo-
cated at the center of the region. The total number of sensor nodes is selected to meet
any given network coverage intensity, according to Corollary 1. The sensing range of each
sensor node is fixed to 10 meters. We normalize the communication range with the sensing
range and use the ratio of the communication range over the sensing range as the measure
of the communication range. The traffic load is very light such that packet losses are mainly
caused by network partition or channel errors. Under each simulation scenario, 100 runs
with different random seeds are executed.

We use the following metrics to evaluate the joint scheduling algorithm:

Packet Delivery Ratio: It is defined as the ratio of total number of packets received at
the sink node over the total number of transmitted packets from sensor nodes. Because the
traffic load is very light, this metric is an indicator of network connectivity.

The Ratio of Nodes Having the Shortest Path: It is defined as the number of nodes
that have the shortest path to the sink node over the total number of nodes. It is an indicator
of path optimality.

The Ratio of Extra-on Sensor Nodes: It is defined as the ratio of the number of
sensor nodes, which must remain active beyond their regular working shifts assigned by the
randomized coverage-based scheduling algorithm, to the total number of deployed sensor
nodes. A small ratio of extra-on sensor nodes indicates that small extra energy is required
to maintain connectivity after the coverage requirement is granted.

Network Coverage Intensity: It is defined in Section 4.5.1 and is a measure of cover-

age quality.
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Figure 4.8. The Ratio of Nodes Having the Shortest Path

4.6.2 Network Connectivity and Path Optimality

To demonstrate that the extra-on rule can assure network connectivity, we compare the
packet delivery ratio with and without the extra-on rule applied to the network. The num-
ber of deployed sensor nodes is determined by the network coverage intensity and k. In this
test, to preclude the packet losses due to broadcast collision or channel errors, we adopt a
perfect radio channel without medium contention. In all the simulated scenarios, the net-
works are connected if all the deployed sensor nodes are active. After randomly turning off
redundant sensor nodes without applying the extra-on rule, the networks are partitioned.
This is evident from the fact that the packet delivery ratio cannot achieve 100% without us-
ing the extra-on rule as shown in Figure 4.7. However, with the extra-on rule, the networks
can always achieve a 100% packet delivery rate, indicating that the extra-on rule provides
guaranteed network connectivity.

As discussed in Section 4.4.4, if there exists packet losses, some nodes may not have
the shortest path to the sink node. Nevertheless, from Figure 4.8, we can see that at the end
of Step 2 of the joint scheduling scheme, even if the packet loss rate is as high as 10%, the

ratio of nodes having the shortest path to the sink node is no less than 95%.
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Figure 4.9. Influential Factors of Average Number of Extra-On Nodes (K is fixed)

4.6.3 Ratio of Extra-on Sensor Nodes

Apparently, there are three factors influencing the ratio of extra-on sensor nodes: network
coverage intensity, the number of subsets, and the ratio of the communication range over
the sensing range.

To investigate the influence of network coverage intensity, we fix the number of subsets
and vary the communication range and the network coverage intensity. As shown in Fig-
ure 4.9, the ratio of extra-on sensor nodes drops with the increase of the coverage intensity
and the communication range. This is because when the coverage intensity increases, more
sensor nodes will remain active for coverage, hence few extra nodes are needed for network
connectivity. In addition, the increase of communication range enhances the connectivity
of the original networks, resulting in the decrease of the number of extra-on sensor nodes.

Similarly, to investigate the influence of the number of subsets, we fix the network cov-
erage intensity and vary the communication range and the number of subsets. As shown in
Figure 4.10, increasing communication range decreases the ratio of extra-on sensor nodes,
due to the same reason mentioned above.

From Figure 4.10, we can see that the ratio of extra-on nodes decreases with the in-
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crease of k. Given fixed coverage intensity, the number of simultaneous active sensor
nodes scheduled by the randomized scheduling algorithm is roughly the same and is inde-
pendent of the value k. That is, the density of the network after the randomized scheduling
only depends on the coverage intensity. Since network connectivity is mainly determined
by network density, the number of extra-on nodes should be roughly the same in order to
maintain network connectivity. Since for a given coverage intensity a larger k value means
a larger total number of deployed sensor nodes, the ratio of extra-on sensors decreases with
the increase of k.

In Figure 4.9 and Figure 4.10, when the coverage intensity is sufficiently high and the
communication range is sufficiently large, the number of extra nodes needed to turn on for
connectivity maintenance is very small, compared to the total number of active nodes for
coverage. Therefore, with our joint scheduling approach, the extra energy consumption on
connectivity maintenance is small and the network coverage intensity does not unnecessar-

ily exceed a given requirement too much.
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4.6.4 Network Coverage Intensity

The achieved network coverage intensity by our joint scheduling method is illustrated in
Figure 4.11. As expected, the achieved coverage intensity is always slightly higher than the
required coverage due to the fact that extra sensor nodes are needed to turn on to remain

network connectivity.

4.7 Summary

Sensor scheduling plays an essential role for energy efficiency of wireless sensor networks.
Traditional sensor scheduling methods usually use sensing coverage or network connectiv-
ity, but rarely both. Some research [51, 58, 66] has dealt with the joint problem of sensing
coverage as well as network connectivity, but requires specific network topology such as
grid or strong constraints on the relationship of sensing range and radio transmission range.
In this thesis work, we take a different approach to solving the joint scheduling problem.
We use a randomized scheduling method to provide statistical sensing coverage and then

switch on extra sensors, if necessary, for network connectivity. Analytical and simulation
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results demonstrate the effectiveness of our joint scheduling method. More specifically, our

joint scheduling method has the following good features:

|

It can achieve substantial energy saving and meet both constraints of coverage and
connectivity without relying on location information or any assumptions on the rela-

tionship between the sensing range and the radio range.

. It is totally distributed and thus easy to implement.

. Each active sensor node knows at least one route with minimum hop count to the

‘sink node. In this sense, our joint scheduling method solves the routing problem and

eliminates the system cost incurred by routing protocols.

. The coverage intensity could be dynamically adjusted by a simple broadcast of the k

value.

. The scheduling method is resilient to time asynchrony.



Chapter 5

Adaptive Sampling Service

5.1 Introduction

An application domain where wireless sensor networks are broadly used is environmental
data collection. Imagine that scientists want to collect information about the evolving pro-
cess of a particular phenomenon over a given region. They can deploy a wireless sensor
network in the region, consisting of a large number of geographically distributed sensor
nodes. Each sensor node periodically samples certain measures characterizing the phe-
nomenon, such as temperature and humidity, and transmits them back to the sink node.
Each sampling value is associated with the sensor’s location. In the sink node, a snapshot
of the region is obtained by assembling the received sampling values in the correspond-
ing locations. Snapshots may be periodically generated, one for each time instant at a
given time granularity. These snapshot sequences constitute a SpatioTemporal Data Map
(STDMap) [11]. Building up STDMap is actually the target of a lot of realistic applications,
such as Geographic Information System (GIS).

STDMaps could be considered as analogous to video recording of the monitored region.
The playback quality of a piece of video clip is determined by its time resolution (frame
rate) and spatial resolution (the number of pixels). Similarly, the observation fidelity of
STDMap is decided by its spatiotemporal resolution as well. For a given requirement
on the observation fidelity, certain spatiotemporal resolution might suffice and hence it

is unnecessary to ask all the sensor nodes to sample and report data as fast as they can.
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Since sampling and wireless communication consume much energy, energy consumption
can be significantly reduced by turning off redundant sensor nodes. Fortunately, due to the
pervasive existence of spatiotemporal correlation in the sampling data, data transmission
can be reduced aggressively for energy saving without a large degradation of observation
fidelity.

Spatial correlation usually exists among the readings of neighboring sensor nodes,
meaning that the measures from a sensor node can be predicted from that of its neighbor-
ing sensor nodes with high confidence. Therefore, given a certain requirement on spatial
accuracy, only part of the sensor nodes should be required to work for sampling and data
transmission, in order to save energy.

Unlike spatial correlation, temporal correlation exists in the time series from a single
sensor node, meaning that the future readings of a sensor node can be predicted based on
the previous readings from the same node. The correlation can be captured by mathemat-
ical models such as the linear model or the Auto Regressive Integrated Moving Average
(ARIMA) model [16]. Therefore, the time series can be approximated by suitable mathe-
matical models and the number of model parameters is usually significantly less than the
length of the whole series. Transferring the model parameters, instead of the raw time
series, can significantly decrease the energy consumption on communication.

This chapter aims to save energy in constructing STDMap by exploiting the spatiotem-
poral correlation in wireless sensor networks. To exploit the spatial correlation, we cluster
the sensor nodes with similar observations into a cluster. Within each cluster, the reading
of any sensor node can be approximated by any other sensor nodes within an error bound.
Therefore, the sensor nodes within a cluster can be scheduled to work alternatively in order
to save energy. We model this clustering problem as a clique covering problem and pro-
pose a greedy algorithm to solve it. Also, we propose a randomized scheduling algorithm
to balance the energy consumption.

To exploit temporal correlation, we adopt piecewise linear approximation technique,

i.e. approximating the time series with a sequence of line segments. In order to minimize
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the energy consumption on data transmission with certain accuracy at the sink node, we
model the problem as an optimization problem, named the PLAMLIS (Piecewise Linear
Approximation with Minimum number of Line Segments) problem. The PLAMLIS prob-
lem can be solved in polynomial time by being converted to a shortest path problem [59].
However, the optimal solution requires excessive computing and memory resources, which
might be prohibitive for sensor nodes. Therefore, we propose a lightweight, greedy algo-
rithm to solve it. The greedy algorithm has the time complexity of O (n?logn), where n
is the length of the time series, and can be easily integrated to our Energy Efficient Data
Collection (EEDC) framework and work together with the dynamical clustering and ran-
domized scheduling algorithms, leading to further energy saving.

Our EEDC framework is aware of the spatiotemporal correlation and can achieve adap-
tive sampling in both time and spatial domains. Adaptive sampling can dynamically ad-
just the temporal and spatial sampling rate aligning with the phenomenon changes while a
given accuracy requirement is always satisfied. When a phenomenon varies slowly in time
domain, the number of line segments required for approximation with certain accuracy de-
creases and hence less sampling data is transmitted to the sink node. Therefore, the actual
temporal sampling rate decreases and over sampling is avoided during the slow-changing
period. Similarly, when a phenomenon varies slowly in spatial domain and the observations
are similar in a larger area, the size of each cluster increases and hence the total number of
cluster decreases. Since the number of simultaneous working node is proportional to the
number of the clusters, the actual spatial sampling rate decreases in this case.

The rest of the chapter is organized as follows: In Section 5.2, we propose the Energy
Efficient Data Collection (EEDC) framework. In Section 5.3, we explore spatial correla-
tion, and in Section 5.4 we propose a sensor scheduling scheme based on spatial correlation.
In Section 5.5, we explore temporal correlation for further energy saving. In Section 5.6,
we perform comprehensive performance evaluation of the EEDC framework based on both

real test bed and a large synthetic dataset. Finally, we conclude this chapter in Section 5.7.
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5.2 The Energy Efficient Data Collection (EEDC) Frame-

work

In this chapter, we assume a single-hop network model, i.e., all the sensor nodes are within
single-hop radio transmission to the sink node, or to a local center. With this setting, we
do not need to consider network partitioning due to sensor scheduling. As can be seen, the
sink node may become a bottleneck for large-scale networks. When a network becomes
very large, the EEDC framework can be easily extended to a hierarchical architecture as
shown in Fig. 5.1. A commonly used strategy is to divide the network into several sub-
networks, with each depending on a local center for local data collection and long-distance
radio transmission to the sink node [39]. In this case, the EEDC framework should be im-
plemented in the local centers, and a local center could be considered as a local sink node.
In the following, the sink node should be understood as a local center if the hierarchical
network architecture is assumed.

Compared to other existing sensor scheduling schemes that rely on sensing coverage
and the static geographic distribution of sensors [27, 54, 64], EEDC distinguishes itself
in that it is data-aware and makes scheduling decisions according to the spatiotemporal
correlation of phenomenon.

Compared to sensors nodes, the sink node usually has much larger memory and much
powerful computing capability. Such an asymmetry between the sink node and the sensor
nodes requires that a good design for data collection should not put heavy burdens on
sensor nodes. Instead, the heavy duties should be assigned to the powerful sink node. Our
EEDC framework follows this design principle and is shown in Fig. 5.2. As we can see,
the functionalities in sensor nodes are much simpler than those in the sink node.

In a sensor node, the scheduler module simply extracts the working schedules received
from the sink node and makes the sensor node work/sleep according to the schedule. In its
working shift, it obtains the sensor readings periodically and puts the reading to the buffer.

When the buffer is full, the PLAMLIiS module takes the time-ordered readings in the buffer
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as a time-series, approximates it with the PLAMLIS algorithm and sends the calculated
line segments parameters to the output interface.
In contrast, the sink node takes most workloads, including four main functional mod-

ules as shown in Fig. 5.2.

Local Center .

Sensor Sensor

Nodes ie:::sr Nodes

Figure 5.1. Energy Efficient Data Collection (EEDC) Framework for Hierarchical Archi-

tecture

1. The data storage module. It stores all sampling data received from the sensor nodes.
This module records a time series for each sensor, which is fed into the dissimilarity

measure module as input data.

2. The dissimilarity measure module. It calculates the pairwise dissimilarity measure
of time series. Dissimilarity measure is application specific, and it is impossible to
use a common dissimilarity measure to accommodate all application scenarios. As
such, this module assumes that the dissimilarity measure is provided by the user for
a specific application scenario. We will introduce the details of dissimilarity measure

used in our experimental study in Section 5.3.2.
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Figure 5.2. Energy Efficient Data Collection (EEDC) Framework
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3. The clustering module. Given the dissimilarity computed by the dissimilarity mea-
sure module and a maximal dissimilarity threshold value maz_dst, this module di-
vides the sensor nodes into clusters, such that the dissimilarity of any two sensor
nodes within a cluster is less than maz_dst. The details of the clustering algorithm

will be discussed in Section 5.3.3.

4. The sensor node working schedule generator. It generates a working schedule for
each sensor node based on the clusters obtained from the clustering module. The

details of sensor scheduling will be discussed in Section 5.4.

With the EEDC framework, the data collection procedure in a sensor network could be

divided into the following three phases:

1. Data accumulation. In this phase, each sensor node keeps sampling, processes the
samples with the PLAMLIS algorithm when the data buffer is full, then transmits the
approximated time series to the sink node. The sink node records the received time
series for each sensor node. After collecting enough data, the sink node calculates the
dissimilarity measure between any two time series. It terminates this phase whenever
the dissimilarity measure among most of the collected time series remains roughly
stable. Note that in some applications the dissimilarity measure among some sensors
may never become stable due to environmental noise or fast-changing phenomenon.
In this situation, it may be very hard, if not impossible, to explore data correlation
for energy saving for these nodes. In other words, the sensors that do not exhibit any
similarity to other sensors cannot use spatial correlation for energy saving and will

not be considered in the following clustering phase.

2. Clustering. In this phase, the sink node uses a clustering algorithm to partition sensor
nodes according to the dissimilarity measure calculated in the first phase. The output
of the clustering algorithm is a set of clusters, and inside each cluster the dissimilarity
measure between two arbitrary sensor nodes is smaller than a given threshold value.

Consequently, the whole field is divided into pieces of smooth sub-regions, each of
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which is covered by a corresponding cluster of sensor nodes. The observation at any
point in this sub-region can be approximated by the observation of any sensor node

within the cluster covering this sub-region.

3. Saving and dynamic clustering. In this phase, the sink node sends out the decision
of clusters to all sensor nodes and requires the sensor nodes within the same cluster
to work alternatively to save energy. In the mean time, the sink node monitors large

variations within a cluster and dynamically adjusts the cluster.

Note that after clustering, the environment may change and thus the previous clusters
may not be valid anymore. It is desirable to adaptively change the clusters in response
to the changes of the spatial correlation. The details of re-clustering will be discussed in
Section 5.4 when we introduce the scheduling algorithm. -

In terms of data restoration quality, if the approximation error is bounded by ¢, in the
PLAMLIS algorithm and by e, in the clustering algorithm, the final approximation error of
each reading at any point in the restored STDMap is upper bounded by €; + €3. Our exper-
imental results show that the approximation error is actually far below this upper bound in
the specific experimental scenario. The details will be disclosed in Section 5.6.7. Note that
the order of performing PLAMLIS algorithm and clustering algorithm is interchangeable
since we exploit spatial correlation and temporal correlation orthogonally and the final ap-
proximation error bound is the same regardless of the order. However, executing PLAMLIiS

first can save energy in the data accumulation phase.

5.3 Exploiting Spatial Correlation

5.3.1 Motivation and Methodology

Most existing research [27, 54, 64] adopts the coverage-based scheduling methods to save
energy. That is, they check the redundancy based on the sensing coverage of sensor nodes.

In this case, the pairwise geographic distance between sensor nodes is the only factor con-
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sidered in sensor scheduling, and the output of the scheduling algorithm is a scheduling
scheme that samples the field uniformly in space, given that the sensing range of individual
sensor node is equal network wide. The coverage-based scheduling methods may work
well for event-driven applications, such as the detection of fire, in which sensor nodes re-
main silent most of the time and send alarms only when the critical event (fire) is detected.

Unlike event-driven applications, some applications require continuous data collection
to construct the STDMap by restoring the spatiotemporal evolving process of phenomenon
in the field for further online or offline analysis. The restoration is based on a sequence
of snapshots, each of which consists of the local measures from geographically distributed
sensor nodes. Therefore, in such applications, sensor nodes must report their local mea-
sures of interest, such as temperature, light intensity, air pressure, etc., to the sink node
continuously. Also, the density of the measure points in a field should be sufficiently high
so that the spatial distribution of the monitored measure can be restored with high quality.

We stress that the coverage-based scheduling methods may not work well for applica-
tions requiring continuous data collection. First, the environment might be heterogeneous,
meaning that the monitored measure changes quickly in some sub-regions but slowly in
others. It is also possible that the readings of two geographically proximate sensor nodes
are dramatically different due to a boundary that separates the two sensor nodes into two
sub-regions with distinguished features. For example, if the temperature is monitored, two
proximate sensor nodes can report very different values if one is directly under sunshine
and the other one is in the shadow. An even spatial sampling rate resulted from a coverage-
based scheduling method is obviously not appropriate in this case, where adaptive sampling
rate is required according to the environmental heterogeneity. Second, it is often very dif-
ficult to accurately estimate the sensing range of a sensor node, since the sensing range is
highly related to the intensity of event source and the physical propagation features of the
local environment in which the sensor node is deployed.

As a result, scheduling purely based on the sensing coverage may not be efficient or ef-

fective for continuous data-collection applications. The inherent problem of the coverage-
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based scheduling methods is that they only rely on the static structure of the sensor networks
but are unaware of the data reported by the sensor nodes. Intuitively, the correlation be-
tween the data reported by the sensor nodes may help to reduce the spatial sampling rate of
the sensor nodes substantially.

Example: The readings reported by a sensor node over time form a time series. Sup-
pose the time series of sensor nodes z, y, and z are very similar in the past. Thus, we
may conjecture that the readings of z, y, and z would also likely be similar in the future.
Therefore, instead of scheduling the three sensor nodes reporting data simultaneously, we
can let two out of the three sensor nodes report at a time and all the three take turn to report.

Such a schedule has the following two advantages.

e Energy saving. Each sensor node saves 33.3% energy on reporting data.

o Quality guarantee. When the three sensors are still correlated, we can obtain the data
with high quality and also save energy. On the other hand, even if the readings of one
sensor node become not similar to the other two, we still can detect the divergence

with a minor delay. Then, an updated schedule can be made based on the change. W

Motivated by the intuition in the example above, we develop a dynamic clustering and
scheduling approach to solve the typical data collection problem in continuous-collection
applications with wireless sensor networks.

Our solution is to dynamically group sensor nodes into a set of disjoint clusters such
that the sensor nodes within a single cluster have current and strong spatial correlation,
hence great similarity in observations. Therefore, all the sensor nodes in a cluster can be
treated equally, and at any time instant only a small fraction of sensor nodes are needed
to be active, serving as the representatives for the whole cluster. All the rest of sensor
nodes can sleep without much degradation of observation fidelity. To balance the energy
consumption, the sensor nodes within a cluster can share the workload equally.

The clustering operation is based on the dissimilarity measure of time series consisting

of historical observations from individual sensor nodes. The degree of spatial correlation
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can be evaluated by the dissimilarity measure. For two locations with high spatial cor-
relation, their corresponding time series are usually associated with a low dissimilarity
measure. Therefore, in a very smooth sub-region, the observed measure has only small
changes within the sub-region, that is, the difference between observations at any two lo-
cations within the sub-region may be quite small. Hence, the working sensor nodes within
this sub-region could be sparse without losing the observation fidelity. In contrast, in a
fast-changing sub-region, the working sensor nodes should be dense. By setting an appro-
priate dissimilarity measure threshold value to distinguish similar nodes from dissimilar
nodes, the spatial sampling rate will match the spatial variation of the observed physical
phenomenon. A smaller threshold value increases the spatial sampling rate and the obser-
vation fidelity, but it requires more energy consumption. In this sense, the dissimilarity
measure threshold value constitutes a degree of freedom that could be tuned to balance the
trade-off between observation fidelity and energy consumption.

Another advantage of our method is that the difficulty of estimating a sensor’s sensing

range is avoided because the dissimilarity measure relies solely on the data reported.

5.3.2 Dissimilarity Measure

As described above, the time-ordered data sequence at each sensor node forms a time series,
and the clustering algorithm is based on the dissimilarity between the time series of the sen-
sor nodes. Nevertheless, the notion of dissimilarity of complex objects such as time-series

is application specific and task oriented, and defining dissimilarity is non-trivial [28]. How-
ever, in the context of continuous-collection applications with wireless sensor networks, we
believe that the magnitude and the trend of time series are of most concern, since they de-
termine the general shape of the phenomenon’s evolving curve. Therefore, we define the
following two metrics to evaluate the difference of two time series.

Definition 1: magnitude m-similar. Two time series X {1, T2, ..., 2o} and Y {y1, ¥2, ..., Yg }

are magnitude m-similar if

|z: — | <m,1<i<gq
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Definition 2: trend t-similar. Two time series X {z1, Z2,...,zo} and Y{y1, 72, ..., Yq}
are trend ¢-similar if

Ly

q
where g, is the total number of pairs (z;,y;) in the time series that satisfy Vz; x Vy; >

O,Vz; =2, — 24, VY =% — %1,1<i< g—1.

If we put geographical constraints on the similarity of two sensor nodes, for instance,
any two sensor nodes whose geographical distance is larger than a threshold value are con-
sidered to be dissimilar, the computational complexity of calculating pairwise dissimilarity
can be greatly reduced. This geographical constraint is realistic, because generally the ob-
servation correlation of two location decreases with the increase of the distance between
locations [29]. Thus, we constrain that the geographic distance between any two sensor
nodes that are considered similar must be at most gmaz _dist, where gmaz _dist is a given
maximal distance threshold.

In general, we want the dissimilarity measure to have a straightforward and practical
meaning. Assume that gdst(S;, S,) denotes the geographical distance between sensor node
S; and sensor node S, and assume that gmaz_dst is the user-defined threshold value for
geographical distance. In our later experiments, we put tw6 time series X and Y into
different groups if (a) they are not magnitude m-similar, or (b) they are not trend ¢-similar,

or (c) gdst(Sz, Sy) is greater than gmaz_dst.

5.3.3 Clustering Sensor Nodes

Given the pairwise dissimilarity values, we need a clustering algorithm to partition the
sensor nodes into exclusive clusters such that within each cluster, the pairwise dissimilarity
measure of the sensor nodes is below a given intra-cluster dissimilarity threshold maz dst,
which is defined by the tuple (m,t, gmaz_dst) in our example. All sensor nodes in the
same cluster are correlated. In each cluster, only as few as one sensor node needs to work

at any time instant. Because of this reason, it is desirable to minimize the number of clusters
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to maximize the energy saving.

Interestingly, the above problem could be modeled as a clique-covering problem. We
construct a graph G such that each sensor node is a vertex in the graph. An edge (u,v)
is drawn if the dissimilarity measure between vertex u and vertex v is less than or equal
to the given intra-cluster dissimilarity measure threshold maz _dst. Clearly, a cluster is a
clique in the graph. Then, the clustering problem is to use the minimum number of cliques
to cover all vertices in the graph.

The clique-covering problem is proven to be NP-complete and even does not allow con-
stant approximation [37, 68]. Hence we adopt a greedy algorithm as described in Fig. 5.3
to obtain a rough approximation. The basic idea of the algorithm is to heuristically find
cliques that cover more vertices that have not been clustered. Heuristically, the vertices
with larger degrees may have a better chance of appearing in larger cliques. Thus, the
search starts from the vertex with the largest degree, until all vertices are covered. The

output of this algorithm is a set of cliques that cover all vertices.

5.4 Sensor Scheduling Based on Spatial Correlation

5.4.1 Randomized Intracluster Scheduling Method

Unlike the round-robin scheduling method which maintains a single active sensor node
within each cluster [34], we propose using multiple active sensor nodes per cluster at an
instant for the following considerations. First, multiple active sensor nodes can improve
data reliability. When multiple active sensor nodes per cluster are used, the data can be
restored as long as at least one packet out of the multiple active sensor nodes reaches the
sink node. Second, it is possible that a cluster needs to be split to two or more clusters
due to sudden spatial correlation changes caused by the environmental changes. Multiple
active sensor nodes can help to shorten the delay of cluster split detection and make the

system quickly respond to the spatial correlation changes among sensor nodes within a
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Input: a graph G;
Output: a set of cliques covering the graph G;
Algorithm Description:
Label all vertices in the graph G as uncovered;
while (there are vertices uncovered in the graph G){
Pick up the vertex v with the highest node degree among the uncovered vertices;
Pick up all the vertices adjacent to v and put them into a list of S;
Construct a graph Gmp, consisting of only the vertices in S;
Calculate the node degree of each vertices in Grmp;
Sort the vertices in S according to the decreasing order of node degree in Gomp;
(To break a tie, the vertex with lower degree in the original graph G precedes);
Construct a clique C containing only v,
while (there are vertices available in S){
Pick up next vertex s from S;
If' s is adjacent to all vertices in C thus far, put s into the clique C;
}
Output clique C;
Remove all vertices covered by C from the graph G;

Figure 5.3. The Greedy Clique-Covering Algorithm
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single cluster.

Randomized Intracluster Scheduling Method: The time is divided into a sequence
of time slots each with length of T. T is the time needed to collect ¢ samples (This is
because we need g samples to evaluate the similarity between two sensor nodes). For each
time slot, the sensor node goes into work state with a probability A. Note that A varies
among clusters. A large cluster should have a small A and a small cluster should have a
large ), in order to obtain same detection delay for cluster split. Note that the detection
delay is the interval between the time instant when an event occurs and the time instant
when it is detected by an active sensor node.

Randomization balances the workload distribution among all sensor nodes without in-
troducing any communication overhead for coordination. Besides, by adjusting the value
of A, we can easily control the trade off between energy saving and detection delay for
cluster split.

The sink node calculates the pairwise dissimilarity of active sensor nodes within each
cluster at the end of each time slot, after it successfully collects the latest g samples from
each active sensor node. The current cluster should be split if the sink node finds that there

is at least one active sensor node reporting significantly different data.

5.4.2 Analysis on Detection Delay for Cluster Split

Theorem 1: With the randomized intracluster scheduling method, the expectation of the
detection delay for cluster split, Ty, is no greater than T' (m = %) ., where n is
the size of the cluster.

Proof: We only consider the case that the environment changes make current cluster
split into two clusters. If we can detect the case that the current cluster must be split into
two clusters, we can certainly detect the case of splitting the cluster into more clusters,
since the latter case is simply the recurrence of the former case.

Suppose n sensor nodes are split into two clusters C; and C of size n; and ny (n; +

ny = n), respectively. Without losing generality, we assume that the split occurs at slot 1.
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Therefore,

Pr {split is detected at slot 1}
= Pr {at least one node is active in C1} * Pr {at least one node is active in Cs}

=1-(1-N)"]x1-1-X"]=p

Pr{split is detected at slot 2}

= Pr {split is not detected at slot 1} x Pr {splitting is detected at slot 2}
=(1-p)xp

Similarly,

Pr{split is detected at slot i} = (1 —p)" ' x p

So,

p 2

n=% / " tx Pr{splitting is detected at slot i}dt=T(1 1)
i—1 Y (@-1)xT &

Ty reaches its upper bound when p is minimum. Conditioned on n; > 0,7n2 > 0, and
0 < A <1, pis minimum when n; or ny equals 1. That is, it is hardest to detect when only
one sensor node deviates from the rest of sensor nodes in a cluster.

Therefore,

i ) 1
e (A[l—(l—x)"“] _5)

Since the actual working time of each sensor node is proportional to A, based on the

Theorem 1, we can set A to the minimum value such that the specified split-detection delay
can be met while the actual working time of each sensor node is minimized.
Note that with the randomized intracluster scheduling scheme proposed above, it is

possible that in a particular time slot, all the sensor nodes in a cluster happen to sleep,
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and hence the sink node can not restore the readings in this time slot. A solution to this
problem is to use the round-robin scheduling method in our previous work [34], along
with the randomized intracluster scheduling method. The round-robin scheduling method
evenly distributes the workload among the nodes in a cluster and guarantees there is at
least one active node in any time slot. In the working time slot assigned by the round-robin
scheduling, the sensor node must go into work state. For the rest of time slots, the sensor
node randomly goes into the sleep/work state with the probability of A. In this case, the
number of working nodes in any time slot is no less than that in the purely randomized
intracluster scheduling. Therefore, the upper bound of the expectation of the detection

delay for cluster split still holds for the joint scheduling scheme.

5.4.3 Energy Saving

With joint round-robin and randomized scheduling, it is obviously that, after the formation
of clusters, for any sensor node within a cluster of size n, the average amount of data it
reports to the sink node is only a fraction i(z—n_lﬁ of the amount of data without scheduling.

Note that the amount of energy saving varies with the size of the cluster. For sensor
nodes within a larger cluster, a longer lifetime can be expected due to a lower workload.
For sensor nodes within a smaller cluster, their workload is higher and thus the lifetime
is shorter, due to the lower data redundancy in vicinity. In other words, they are critical
nodes, and the lack of their observations results in a large information loss. In this case,
there is no room for scheduling algorithm to exploit spatial correlation for energy saving.
The only solution to prolong the lifetime of these critical nodes is to deploy more sensor

nodes in their vicinity to share their workload.

5.44 Dynamic Adjustment

Once the sink node detects that a cluster should be split, it asks all sensor nodes in the cor-

responding cluster to work simultaneously. Then the clustering algorithm will be executed
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to re-group these sensor nodes into several clusters in response to local spatial correlation
changes. It is obvious that the number of clusters will keep increasing, since there are only
splitting operations in the above adjustment. In the worst case, most sensors in the net-
work will be waken up to work simultaneously. To avoid this situation, the sink node can
re-cluster the whole network when the current number of clusters becomes significantly
larger than the number of clusters at the previous network-wide clustering.

When the spatial correlation within a sub-region remains stable, the frequency of dy-
namic adjustment of clusters should be very low. We stress that spatial correlation is quite
stable for many applications even if the monitored phenomenon changes dramatically. For
instance, in the experimental results presented in Section 5.6.2, we changed light strength
very quickly by tuning the dimmer of a desk lamp. The sampling data from the sensors

within the same box remained similar no matter how fast we changed the light.

5.4.5 Data Restoration at the Sink

Based on the joint round-robin scheduling and randomized scheduling, for a cluster of size
n, the number of working sensor nodes in any time slot varies between 1 and n with an
expectation of 1+ (n — 1) x A. The sink node uses the following restoration rule to restore
the observation of sleeping nodes.

Restoration Rule: For any sleeping node, the observation at instant ¢, denoted as v;, is

"““'*2'"""" , where maz; and min; denote the maximum and minimum observa-

restored as
tion of the working sensor nodes within the same cluster at instant ¢, respectively.

Theorem 2: If the cluster is not split, with the restoration rule given above, the upper
bound of the restoration error at instant 7 is m — w where m is the similarity
threshold value.

Proof: If the cluster is not split, the difference of two observations from any pair of
sensor nodes, no matter they are working or sleeping, should be less than m. Therefore, the
upper bound and lower bound of observation from sleeping nodes at instant i is min; + m

and maz; — m, respectively. The length of this feasible region for the observation of
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sleeping node is min; + m — (maz; — m) = 2 X m + min; — maz;. Since we take
the middle point of this feasible region as the restoration value, the difference between the

actual value and restoration value is no more than the half length of the feasible region, that

iS, 2xm+mi2n.~—ma.1:¢ —m — ma::,';min.-. ; .
Note that another way to restore the data is to use the average of all working nodes, but

in the worst case the error bound could be as large as m. We ignore the proof for brevity.

5.5 Exploiting Temporal Correlation

5.5.1 Motivation and Methodology

Typically, each sensor node samples the environment at a fixed interval and the time-
ordered sequence of sampling constitutes a time series. However, transmitting all data
from each sensor node back to the sink node is often prohibitive due to limited bandwidth
and heavy energy consumption on data transmission. In order to reduce the volume of
transmitted data from each individual sensor node, we approximate the observed time se-
ries within a given error bound. Our technique builds on the fact that for most time series
consisting of environmental measures such as temperature and humidity, linear approxi-
mation is simple and works well enough in a small time period. Therefore, we use the
piecewise linear approximation technique to approximate the time series at each individual
sensor node. If computational capacity permits, it is possible to adopt other approximation
and compression techniques, such as wavelet transformation. We did not explore complex
approximation techniques in this thesis work since it is still unrealistic to perform complex
calculation with current sensor node hardware.

The sensor node maintains a fixed size of buffer to temporally store the latest sampling
values. Once the buffer is full, we calculate the line segments approximating the original
time series. Then only the end points from every line segments, rather than the whole time

series, will be transmitted to the sink node. Usually, each line segment represents more
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than two measures, so we can expect a significant decrease of data volume.

5.5.2 Problem Modeling

Piecewise linear approximation is a well-investigated research area [15, 31, 30, 44, 51, 58].
The idea is to use a sequence of line segments to represent the time series with a bounded
approximation error. Since a line segment can be determined by only two end points,
piecewise linear approximation can make the storage, transmission and computation of
time series more efficient.

Most of the existing piecewise linear approximation algorithms use standard linear re-
gression technique to calculate a line segment with the minimal total squared error between
line segment and the represented points. Unlike these methods, we use a simpler method
to reduce the computation complexity. In our method, the end points of each line segment
must be the points in the time series and hence the linear fitting procedure is not necessary.
For the observations that are not the end points of the selected line segments in the time
series, their values are approximated by the corresponding points in the line segments. To
facilitate understanding, Fig. 5.4 shows a possible scenario for the piecewise linear approx-
imation, where three line segments(4 values), (21, Z2), (z2, Zs), and (zs, z7) could be used
to approximate the time series.

The problem: Given a time series and an error bound €, how to choose the minimum
number of line segments to approximate the time series, such that the difference between
any approximation value and its actual value is less than e. The end points of the line

segments must be the points in the time series.

5.5.3 The PLAMLIS Algorithm

In [35], it is disclosed that the PLAMLIS problem can be solved in polynomial time. As-
sume that the time series consists of n points {z1, Z3, ..., £, }. The basic idea is to build a

graph with the data points as the vertices. An edge is established between z; and z;(7 < j)
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Figure 5.4. An Example of Piecewise Linear Approximation

if the line segment (z;, z;) meets the error bound, that is, the difference between the ap-
proximation value of zx(¢ < k < j) and the actual value of z; is not larger than the given
error bound. Note that the approximation value of zj is the intersection point of the line
segment (z;, ;) and the vertical line z = zj. The PLAMLIS problem is solved by search-
ing the shortest path from z; to z,, in the above graph. Fig. 5.4 shows the graph and the
shortest path (1, z2, zs, z7) that constitutes the optimal solution.

In the worst case, the above algorithm has the time complexity of O(n?) and requires
space cost of O(n?). The calculation and storage complexity of the solution might be too
high for the resource stringent sensor nodes. Therefore, we propose a greedy algorithm to
solve it. If the time series consists of n points, the greedy PLAMLIS algorithm can run in
O (n*log n) time and takes O (n) space.

The greedy algorithm converts the PLAMLIiS problem into a set covering problem as
follows. Suppose that there is a time series X, consisting of n points {z1, %3, ..., Tn}.
For each point z; in the time series, associate it with point z;(j > i), which is furthest
away from point z; and the line segment (z;, z;) meets the given error bound, that is, the
difference between the approximation value of zx(i < k < j) and the actual value of

zx(i < k < j) is not larger than the given error bound. Let F; denote the subset consisting
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of all the points on this line segment {z;, z;41, ..., z;}. Eventually, we have a set F' with n
subsets ({F}, Fy, ..., F,,}). The running time to construct the set F' is O (n*logn) and the
memory needed is O (n).

Now, the PLAMLIS problem is converted to the problem of picking up the least num-
ber of subsets from F which covers all the elements in set X. This is the minimum set
cover problem, which is proved NP-complete. We use the following well-known greedy
algorithm to solve this problem. The basic idea is that at each stage, pick the set that covers
the largest number of remaining elements that are uncovered. The algorithm ends when-
ever all the elements are covered. This greedy algorithm can run in time O() g.r |S])
with a P(n)-approximation rate, where P(n) = H(maz|S|: S € F) (H(d) = 3¢, 1, the
d-th harmonic number). The space complexity is O (n). In the PLAMLIS problem, since
|F| =nand |S| < n (S € F), the running time is bounded by O (n?).

In the whole, the greedy PLAMLIS algorithm can run in O (n?logn) time and takes

O(n) memory space.

5.6 Comprehensive Performance Evaluation

5.6.1 Evaluation Methodology

In the following sections, we first evaluate the performance of EEDC when only spatial cor-
relation is exploited. The evaluation is based on both a real test bed as well as a large-scale
synthetic dataset. We then evaluate the performance of the PLAMLIS algorithm in explor-
ing temporal correlation. Finally, we investigate the performance when spatial gonelation

and temporal correlation are jointly considered to further reduce energy consumption.

5.6.2 Experiment Setup of Testing Spatial Correlation

We experimentally tested the EEDC framework based on MICA2 sensor nodes [1]. As
illustrated in Fig. 5.5, we deployed 18 MICA2 sensor nodes in a 3 x 6 grid layout on a



5.6 Comprehensive Performance Evaluation 108

large table to sample the light intensity. The unit length of each grid is 1 foot. A desk
lamp with a dimmer was the only light source in the room. We used several boxes with
different sizes of holes on the top to divide the area into sub-regions with different light
intensity. The deployment of sensor nodes and the boxes are illustrated in Fig. 5.6. The
monitored phenomenon was generated by varying the light intensity of the lamp. The
onboard ADC translates a light intensity raw reading into an integer value between 0 and
1024. We implemented the EEDC framework on the sink node and the MICA2 sensor

nodes to collect the light intensity data. The sampling rate was 2 samples per second at the

working sensors, and the data collection time was 10 minutes.

Figure 5.5. The Test Bed

The purpose of this experiment is twofold. First, we need to verify the correctness of
the proposed clustering algorithm. Second, since the energy saving should not be achieved
at the cost of observation fidelity, we need to verify that the observation fidelity with EEDC
is acceptable.

Although this experiment is not a real application, we remark that the experimental
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Figure 5.6. The Sensor Nodes and the Boxes

design may be representative for some real applications with sensor networks, for instance,

the monitoring system for storage rooms in a grocery warehouse.

5.6.3 Experimental Results of Exploring Spatial Correlation
5.6.3.1 The Correctness of Clustering with EEDC

Although the clique-covering problem for a general graph is NP-complete, it is easy to
know the optimal clique covers in our experiment since the knowledge of which sensor
node belongs to which sub-region is known as a priori. We use the criteria in Section 5.3.2
to check the dissimilarity and set m = 30,t = 95%, gmaz_dst = 3 feet. By calculating
the pairwise dissimilarity measure, we obtain a graph as shown in Fig. 5.7, where a link
between two nodes indicates that they are similar according to the above criteria. From this
figure we can see that all cliques consist of the sensor nodes in the same box, which vali-

dates the effectiveness of the dissimilarity measure. The output of the clustering algorithm
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is illustrated in Fig. 5.8, which is apparently the optimal solution for this specific simple

graph.

@ : No. n Sensor Node

Figure 5.7. The Generated Graph

5.6.3.2 The Observation Fidelity with EEDC

The difference distortion measure has been broadly used in image compression to evalu-
ate the fidelity of a re-constructed image against the original image [47]. The difference
distortion measure o is given by

ol = 23{1 2?]:1 (Xij — Yij)2
M x N

where X;; is the j-th actual sampling value from the i-th sensor node, Y;; is the j-th restora-
tion value of the i-th sensor node at the sink, N is the total number of sensor nodes, and M

is the total number of samples from each sensor node.
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Figure 5.8. The Clustering Result with the Real Dataset
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The absolute value of o2 is not meaningful without considering the degree of variation
in magnitude. So we normalized the difference distortion measure by the average variation

of samples and used it as the metric of observation fidelity. Formally,

o = o’ _ No?
norm Eil ‘;{ar(){,-) Zf\il VGT(X,-) ’

where Var(X;) is the observation variation of the i-th sensor node. Generally, a smaller
o2 value indicates a higher observation fidelity. When we set m = 30,¢t = 95%, and

gmaz_dst = 3 feet, the o2

norm

of the light intensity in our test bed is equal to 0.0093,
indicating that the data collected with EEDC has high fidelity.

5.6.3.3 Energy Saving

In this case study, at any time instant, only one sensor node in a cluster is scheduled to
work. The eighteen sensor nodes were grouped into seven clusters with EEDC as shown in

2x2x5+4%4%2

Fig. 5.8. By calculating e ~ 3, we can see that without using EEDC, on average

each sensor will spend three times more energy in sampling and data transmission.

5.6.4 Large-scale Synthetic Data Generation

Due to the high system cost, we cannot afford an experiment with hundreds of sensor nodes.
In order to further investigate the performance of EEDC with large-scale networks, we
synthetically generated large traces of spatially correlated dataset based on a mathematical
model proposed in [29]. We utilized the software toolkit provided by [29] to extract the
model parameters from small-scale real datasets and generate large-scale synthetic datasets
based on the model parameters. The toolkit has been validated by comparing the statistical
features of the synthetic dataset and the experimental dataset [29].

Initially, we used our test bed in Section 5.6.2 to collect a small-size real dataset. Then
we utilized the synthetic data generation toolkit [29] on the dataset from each individual

sub-region to generate a larger dataset for each individual sub-region. As a result, a field
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consisting of nine distinguished sub-regions with 100 sensor nodes in a 10 x 10 grid layout

was generated, as shown in Fig. 5.9.

5.6.5 Performance Results on Large-scale Synthetic Data
5.6.5.1 The Correctness of Clustering with EEDC

Since we know which sensor node belongs to which sub-region as a priori, it is easy to
verify the correctness of the clustering algorithm. We set m = 20,¢ = 95%, gmaz _dst = 8
distance units. The distant unit is defined as the distance between the two neighboring
sensor nodes in a row. By calculating the pairwise dissimilarity measure and performing

the clustering algorithm, we obtained nine clusters, each for a sub-region.

5.6.5.2 The Observation Fidelity and Energy Saving with EEDC

By varying the value m in the magnitude m-similarity and applying different intracluster
scheduling methods, we collected a set of performance data, based on which Fig. 5.10,
Fig. 5.11 and Fig. 5.12 are drawn. Fig. 5.10 demonstrates that with the decrease of m,
the number of cliques increases. This conforms to intuition, because a lower m value
corresponds to a higher data resolution requirement. Note that the number of cliques is
irrelevant to the intracluster scheduling methods. Therefore Fig. 5.10 will not change under
different scheduling methods.

Fig. 5.11 and Fig. 5.12 compare the performance of two different intracluster schedul-
ing methods discussed in previous sections, in terms of observation fidelity and energy
saving. With the round-robin scheduling, only one sensor node from a cluster is working at
a time, while with the joint round-robin and randomized scheduling, multiple sensor nodes
are working simultaneously with each cluster. Note that in our experiment, the wakeup
probability X is chosen cluster by cluster, such that the expectation of the split detection
delay of a specific cluster T; < 4T. The data restoration rule discussed in Section 5.4.5

is applied to both cases to restore the observations of sleeping nodes. Note that since with
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the round-robin scheduling, there is only one working node in each cluster at any given
time, the sink node simply assumes that the sampling values of all sleeping sensor nodes
in the same cluster are equal to that of the working node. Fig. 5.11 and Fig. 5.12 clearly
demonstrate the tradeoff between energy saving and observation fidelity: compared with
the round-robin scheduling, the joint round-robin and randomized scheduling can signifi-

cantly improve the observation fidelity but with a smaller energy saving.
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Figure 5.9. The Field with Nine Distinguished Sub-regions
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Figure 5.12. Energy Saving

5.6.5.3 Energy Saving

At any time instant, only one sensor node in a cluster is required to work. Based on the
clustering result, the 100 sensor nodes were grouped into 9 clusters with EEDC. By calcu-
lating

16%x16+9%9%x2+6%6+10%x10%3 +15%15%2
100

~ 12,

we can see that without using EEDC, on average each sensor will spend 12 times more

energy in sampling and data transmission.

5.6.5.4 Response to Spatial Correlation Changes

In order to verify that the spatial correlation changes can be detected by EEDC and demon-
strate how EEDC responds to the changes, we create a scenario where an opaque object
suddenly covers sensor node 10, 20, 30, 40, 50 in subregion 3, and makes the covered area
totally dark. Therefore, the readings from those covered sensor nodes should be totally dif-

ferent from those from the rest of the nodes and a cluster split action is expected in response
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to the significant change in the spatial correlation.

In this scenario, the joint round-robin and randomized scheduling is used and the
wakeup probability A is set such that the expectation of the split detection delay of every
cluster Ty < 4T'. An active sensor node sends 10 packets in a working shift with a length of
T. We monitor the number of packets sent back to the sink node from the 10 sensor nodes in
Subregion 3 before and after this period, which is demonstrated in Fig. 5.13. Originally, the
number of packets sent to the sink node per work shift oscillates around 30 packets. The lid
comes in at time instant 3.5T. The sink detects the changes in spatial correlation between
4T and 5T and instructs all the sensor nodes to wake up and send samples at 5T. The sink
node gets enough data for re-clustering at 6T, executes the clustering algorithm to split the
sensor nodes in Subregion 3 to 2 clusters and sends the updated working schedules to the
sensor nodes at 7T. Afterwards, the sensor nodes work according to the updated schedule

and the number of packets sent to the sink node oscillates around 40 packets.

120 e T = = — T T T T T

Number of Packets Sent per Shift
3

0 ' L ' ' L L ) L : ) ' : : :
0 T 2T 37T 4T 5T 6T 77 8T 9T 10T 11T 12T 13T 14T 15T
Time

Figure 5.13. Response to Spatial Correlation Changes
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5.6.6 Performance Evaluation of Exploring Temporal Correlation

To evaluate the performance of the proposed PLAMLIS algorithm, we first applied the
algorithm to an indoor temperature dataset we collected on the Crossbow Mica2 platform.
The sampling interval is set to 2 minutes and 877 samples were taken in total.

By varying the error bound from 0.5 Celsius degrees to 0.05 Celsius degrees, we got
Fig. 5.14, Fig. 5.15, Fig. 5.16 and Fig. 5.17. From these figures we can see that the number
of line segments generated by the PLAMLIS algorithm to fit the original data curve is
significantly less than the number of points in the original data curve. When the error bound
is set to 0.5, only 12 line segments are needed to transmit. Considering each line segments
is presented by two end points, only 24 points are transmitted with PLAMLIS algorithm
against 877 points are transmitted without using PLAMLIS algorithm. This translates to a
97.3% data reduction in transmission.

With the PLAMLIS algorithm, the transmitted data increases with the decrease of error
bound. However, as shown in Fig. 5.17, even the error bound is as small as 0.05 Celsius,
only 158 line segments needs to be transmitted, which translates to a 64.0% data reduction
in transmission.

We also applied the PLAMLIS to the light intensity dataset we collected in our exper-
imental test bed. Unlike the indoor temperature dataset, the light intensity dataset is not
smooth at all. However, even in this case, fairly amount energy could be saved with our
PLAMLIS algorithm. Fig. 5.18 illustrates the scenario when error bound is set to 20. Fifty-
eight line segments are needed to approximate the time series, which translates to a 42%

reduction in transmission.

5.6.7 Performance of Jointly Exploring Spatial Correlation and Tem-

poral Correlation

In this phase, both the PLAMLIS algorithm and the dynamical clustering algorithm are

integrated into EEDC, as illustrated in Fig. 5.2.
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5.6.7.1 Restoration Data Quality

Suppose the error bound of the dynamical clustering algorithm is set to €; (i.e., m = €; in
the measure of magnitude m-similar) and the error bound of the PLAMLIS algorithm is set
to 2. Since the temporal correlation and spatial correlation are exploited orthogonally, it
is easily to see that in the enhanced EEDC framework, the error bound of data restoration
€ = €1 + €. That is to say, any restoration value in the sink node will not differ from its
actual value more than €; + €3.

However, given an error bound e with the enhanced EEDC framework, we face a ques-
tion of assigning appropriate values to €; and €5, such that €; + €, = € and data transmission
is minimized. The heuristic is that for the sensor nodes having strong temporal correlation
in their readings, €, can be set larger. For the sensor nodes having strong spatial correlation
in their neighborhood, €; can be set larger. The method of obtaining the optimal values and

dynamically adjusting these values is left as our future work.

5.6.7.2 Performance Evaluation

To illustrate the benefit of using the PLAMLIS algorithm in the EEDC framework, we
evaluate the performance of EEDC without PLAMLIS as a benchmark. In all tests, round
robin scheduling is used for simplicity. In the EEDC framework without PLAMLIS, the
error bound threshold value € is equal to m in the magnitude m-similar measure. In the
EEDC framework with PLAMLIS, the error bound threshold value € = €; + €3, as discussed
above. In all our test cases, €; takes 75% of € and e, takes 25%. ‘

Fig. 5.19 and Fig. 5.20 clearly demonstrate that after introducing the PLAMLIS algo-
rithm, the data restoration accuracy is improved and the energy consumption decreases.
This is because given the same error bound e, the actual error bound used for dynamical
clustering €5 in the enhanced EEDC framework is smaller than that in the EEDC framework
without PLAMLIS. Therefore more cliques are generated, which is illustrated in Fig. 5.21.

This actually increases the spatial sampling rate and helps improve the data restoration ac-
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curacy. The increase in energy consumption by using more clusters is offset by the energy
saving with the PLAMLIS algorithm. As a result, the enhanced EEDC framework achieves

data accuracy improvement and energy saving at the same time.
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Figure 5.20. Energy Saving

5.7 Summary

In this chapter, we design an Energy Efficient Data Collection (EEDC) framework that
is aware of the spatiotemporal correlation among the sensing data. Spatial correlation is
exploited by dynamically grouping sensor nodes into clusters based on the dissimilarity
measure of sampling data. With this method, the whole network is divided into several
sub-regions, with each covered by a cluster of sensor nodes. Since the clusters are based
on the features of sampling data, scheduling based on the clusters is much more accurate
than scheduling based purely on the sensing range of sensor nodes. Temporal correlation is
exploited by using the piecewise linear approximation technique to represent the sampling
data and minimize the data transmission under a given bound on approximation accuracy.

We discuss the details of all m'ajor components in the EEDC framework, including the
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calculation of dissimilarity, sensor clustering, sensor scheduling, data restoration, and the
PLAMLIS algorithm.

We thoroughly evaluate the performance of the EEDC framework with a real experi-
ment based on MICA2 motes [1] and with a large-scale synthetic dataset. Experimental
results demonstrate that the EEDC framework can effectively save energy without losing

observation fidelity.



Chapter 6

Conclusions and Future Work

6.1 Summary

With recent advance in wireless communication and Micro-Electro-Mechanical Systems
(MEMS) technology, tiny sensor nodes have been constructed to integrate sensors, proces-
sors, memory, wireless communication, and power supply within the size of several cubic
millimeters. Large quantities of such sensor nodes can be simply dropped in place to moni-
tor a wide variety of real-world phenomena. Through short-range wireless communication,
sensor nodes can form WSNs to coordinate their behavior, collect and relay observed data,
and process the data in a distributed fashion. Therefore, WSNs foster a lot of novel and
promising applications.

However, WSNs have their unique characteristics, which make it impossible to directly
apply existing algorithms and protocols in wired and wireless networks to WSNs as ef-
fective solutions. These distinguished characteristics impose a set of requirements on the
underlying network service, which are significantly different from all existing networks.
Despite the diversity of WSN applications, some services of underlying WSN are so fun-
damental that they are required by most WSN applications. We call them rthe fundamental
services, as we believe these services are most important and indispensable for a wide
variety of WSNs applications and can serve as the building blocks for building up WSN
applications.

This thesis work provides the solutions to three fundamental services, namely localiza-
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tion service, joint scheduling service for sensing coverage and network connectivity and
adaptive sampling service.

In the first part of thesis, we propose a range-free localization method ROCRSSI as
our solution to the localization service. It is a range-free method and it does not require
any extra dedicated hardware for localization. We perform simulation study to investi-
gate its performance in large-scale networks. Besides, our method has been implemented
on broadly-used MICA2 Motes and the in-field experiment has been conducted in small-
schale networks by Scott [49]. Compared to one of the best existing range-free localization
algorithm, APIT [23], ROCRSSI exhibits better localization accuracy with lower commu-
nication cost and other good features.

In the second part of thesis, we propose a joint scheduling method that provides statisti-
cal sensing coverage and guaranteed network connectivity. We use randomized scheduling
for sensing coverage and then turn on extra sensor nodes, if necessary, for network con-
nectivity. Our method is totally distributed, is able to dynamically adjust sensing coverage
with guaranteed network connectivity, and is resilient to time asynchrony. We present ana-
Iytical results to disclose the relationship among node density, scheduling parameters, cov-
erage quality, detection probability, and detection delay. Analytical and simulation results
demonstrate the effectiveness of our joint scheduling method.

In the last part of thesis, we propose an adaptive sampling method that is based on a
careful analysis of the surveillance data reported by the sensors. By exploring the spatial
correlation of sensing data, we dynamically partition the sensor nodes into clusters so that
the sensors in the same cluster have similar surveillance time series. They can share the
workload of data collection in the future since their future readings may still likely be cor-
related and hence predictable. Furthermore, during a short time period, a sensor may report
predictable readings. Such a correlation in the data reported from the same sensor is called
temporal correlation, which can be explored to further save energy. We develop a generic
framework called EEDC to address several important technical challenges, including how

to partition the sensors into clusters, how to dynamically maintain the clusters in response
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to environmental changes, how to schedule the sensors in a cluster, how to explore temporal
correlation, and how to restore the data in the sink with high fidelity. We conduct an exten-
sive empirical study to test our method using both a real test bed system and a large-scale
synthetic dataset. |

We believe these services we proposed are most important and indispensable for a wide
variety of WSNs applications. On one hand, they are orthogonal and can work indepen-
dently with each other. On the other hand, these services are complementary to each other
in order to form an integrated solution for a scalable, robust and energy-efficient wireless

sensor network system.

6.2 Future Work

There are many research challenges in wireless sensor networks. Close to this thesis, the
following problems deserve further investigation: security, in-network data aggregation,
and application specific design.

In this thesis, we assume that every node is reliable and honest. In certain hostile
environment such as a battlefield, sensor nodes may be captured and may inject bogus in-
formation into the networks. For instance, if an anchor node is compromised and sends
out fake location information, sensors using this fake information will create large local-
ization errors; if a sensor node sends fake emergency events such as very high temperature
readings to the sink node, the end user may make wrong decisions based on the false in-
formation. Due to the constraints on sensors’ energy supply and calculation capability,
traditional-cryptographic operations may not be suitable for wireless sensor networks. It
is important and also challenging to make the fundamental services resilient to malicious
attacks.

In this thesis, we focus on sensor scheduling and adaptive sampling for energy effi-
ciency. This method is to reduce the data traffic generated by each sensor. Another broadly

used method is to reduce the data traffic delivered within the network via in-network data
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aggregation. Many research questions have to be answered to explore the advantage of
in-network aggregation, e.g., How to organize the aggregation tree? How to integrate
in-network data aggregation, sensor scheduling, and adaptive sampling? How to keep a
malicious sensor from injecting a bogus aggregation value?

In this thesis, we aim at generic wireless sensor networks and do not investigate specific
applications. In practice, a sensor network may be constructed dedicated for a specific task.
In this case, the application context is very helpful in simplifying the network architecture.
For instance, if sensor nodes are deployed according to pre-defined locations or if we know
roughly the network topology, sensor localization could be much easier. How to utilize the
application context to simplify network design is a very important and practical research

problem.
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