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Abstract

Camera sensor networks have many applications in practice and have received much
research attention in the past few years. In terms of coverage, they are dramatically
diﬀerent from traditional sensor networks. However, most existing works on sensor
networks have been using relatively simple models to characterize coverage and few
results can be used to solve the coverage problems in camera sensor networks. One
unique property of camera sensors is that diﬀerent cameras from diﬀerent positions
can form distinct views of the object, and a good coverage often demands views
from all around the object. This distinction makes the coverage veriﬁcation and
deployment methods designed for traditional sensor networks unsuitable. Also, as
the sensing range of a camera sensor is not disk like but directional, it may steer
around to monitor diﬀerent areas, which brings more ﬂexibility in coverage but
also more complex in designing a good scheduling protocol. Meanwhile, emerging
applications such as mobile image sensing that is based on camera sensors need to
be carefully studied.
The main purpose of this dissertation is to address new challenges in the coverage problems of camera sensor networks and provide deep insight into many other
related issues. First, we deﬁne a new coverage model called full-view coverage,
which precisely characterize the uniqueness of coverage in camera sensor networks.
Under this framework, we design a series of eﬃcient methods for coverage detection,
camera sensor deployment (in both random and deterministic environment), and
provide rigorous analysis on the accuracy and eﬃciency of the proposed methods.
Second, we extend our research into the scenario of barrier coverage. Two
important types, i.e., weak barrier and strong barrier coverage have been redeﬁned
with the consideration of the aforementioned features of camera sensors. In both
cases, the object traversing a monitored ﬁeld are guaranteed to be detected by
the camera sensor networks on its face. While strong barrier coverage allows
more ﬂexibility on how the object chooses its path and facing direction, weak
iii

barrier coverage demands less camera sensors. For both cases, novel algorithms
are proposed to ﬁnd and construct camera sensor barriers, and the performance is
validated by rigorous theoretical analysis and simulations.
Third, we show how to schedule a camera sensor networks with steering capability to minimize service delay (gap). The problem studied is a generic case where
directional sensors like cameras can steer around and periodically cover diﬀerent
targets at diﬀerent time. By driving directional sensors rotate and cover multiple
areas, the sensing range can be expanded and the total number of sensors required
can be reduced. The proposed optimization problem is proved to be NP-hard and
both centralized and distributed protocols are proposed with proved performance
bound.
Finally, we expand our study into an application of camera sensors by considering smartphone image sensing. Photos obtained by smartphone users can
assist in situations like disaster recovery. A critical challenge here is the mismatch
between the huge amount of available photos at the user end and the limited communication and computation resource to transfer to and process the crowdsourced
photos at the server. A key is to utilize the metadata associated with each photo
including the smartphone camera’s parameters and other geographical information, and model the photos’ usefulness by utility, similar but more ﬂexible than
the original full-view coverage model. Optimization problems regarding tradeoﬀs
between resources and photo coverage are introduced and eﬃcient solutions are
proposed. Performance of the solutions are rigorously proved. Furthermore, a
testbed evaluation and extensive simulation demonstrate the eﬀectiveness of the
system.
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Chapter

1

Introduction
Traditional sensor networks measure scalar phenomena in the physical world. Camera sensor networks can retrieve much richer information in the form of images or
videos, and hence provide more detailed and interesting data of the environment.
Such networks promise a wide range of applications in surveillance, traﬃc monitoring, habitat monitoring, health care and even online gaming [1]. Because of the
huge potential in applications, camera sensor networks have drawn much attention
in the past few years [1, 2, 3, 4, 5, 6, 7].

1.1

Motivation

One fundamental problem is how well the target ﬁeld is monitored, which is referred
to as the coverage problem in wireless sensor networks. Most existing works in this
ﬁeld focused on traditional sensor networks and they suggested a very simple model
on characterizing the coverage: an object is considered to be covered if it is within
the sensor’s sensing range, which can be a disk [8] or sector [9]. With this generic
model, extensive studies have been devoted to the problem of how to achieve kcoverage over a given target area [10, 11, 12, 13], where k is a predeﬁned parameter
indicating the desired number of sensors (coverage degree) covering each object.
However, camera sensors are diﬀerent from traditional scalar sensors. Camera
sensors may generate very diﬀerent views of the same object if they are from
diﬀerent viewpoints. For example, a camera sensor placed in front of a person can
obtain the face image, but it can only view his back if it is behind him. In fact,

2
studies in computer vision show that the object is more likely to be recognized by
the recognition system if the image is captured at or near the frontal viewpoint [14],
i.e., if the object is facing straight to the camera. As the angle between the object’s
facing direction and the camera’s viewing direction (denoted by the vector from
the object to the camera) increases (Figure 1.1(a)(b)), the detection rate drops
dramatically [15, 16]. As a result, the quality of coverage is determined not only
by the distance between the sensor and the object, but also by the relationship
between the sensor’s viewing direction and the object’s facing direction.
Given the new characteristics of camera sensor networks, how do we deﬁne
coverage, i.e., what should a “good” camera sensor network be? Is there any
eﬃcient method to evaluate the coverage quality of a given camera sensor network?
Furthermore, how many camera sensors are suﬃcient to achieve a “good” coverage
in practice, either in a random or a deterministic deployment? All these questions
need to be answered before the camera sensor networks can be widely deployed in
practice.
The second problem is how to provide barrier coverage, which is important for
various sensor network applications, e.g., national border control, critical resource
protection, security surveillance and intruder detection, etc [17]. In a wireless
sensor network, a sensor barrier is formed by a set of sensors whose sensing ranges
are contiguous and span (usually a stripe of area) across the monitored ﬁeld. Every
object traversing the ﬁeld from one side to another is detected by the sensors on
the barrier. The biggest beneﬁt of barrier coverage is cost-eﬀectiveness. Compared
with full coverage, which requires every point of the monitored ﬁeld to be covered,
barrier coverage requires much fewer sensors in deployment. This is especially
attractive for applications of camera sensor networks. As the cost of the camera
sensor is much higher than the traditional scalar sensor, it is more constrained,
if not impossible, to deploy camera sensors in a very large scale to cover the full
ﬁeld. Thus for applications like security surveillance, a cost-eﬃcient “camera sensor
barrier” which can eﬀectively detect every intruder’s image is more desirable.
Yet, as mentioned above few works have considered the unique property of the
coverage in camera sensor networks. Therefore, all existing methods on barrier
coverage with the traditional sensor can not be applied to constructing camera
sensor barriers. Note that simply combining the sensing range of a series of cameras
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Si

U’s facing
direction

Object’s
trajectory

dV

S2
V

P
dU

Si’s viewing
direction

S1
U
S2

U

S1

(a)

(b)

U

(c)

Figure 1.1. Coverage in camera sensor networks: (a) U is an object; dotted line
deﬁnes the sensing range of Si and U⃗Si is its viewing direction; (b) Although U and V ’s
facing directions, d⃗U and d⃗V , are the same, S1 ’s viewing direction is closer to U ’s facing
direction; (c) If U faces the direction along the trajectory, S1 and S2 are not able to view
its face, although U is under coverage by them.

across the monitored ﬁeld does not provide eﬀective barrier coverage. This is
because an intruder can still cross the barrier without being identiﬁed on its face
(Figure 1.1(c)). Thus research eﬀort is needed to fully understand and resolve
these issues in camera sensor networks.
The third problem is related to the steering capability of camera sensors. Many
high-end camera sensors can rotate (also called pan or steer) and cover diﬀerent
areas during their duty cycle. By driving the camera sensor rotate, the coverage
range is expanded and more targets can be monitored. This is especially important
when the camera sensors are scarce compared to the targets to be monitored. Note
that even if the the initial deployment is suﬃcient, sensors may fail due to power
failure or any other environment factors, making it necessary to reconﬁgure the
network such that the performance is degraded gracefully. If this is the case,
targets may not be monitored continuously but periodically by the sensors. As
a result, the service delay, which is the time duration (gap) between any two
continuous/adjacent coverings of the target, determines the coverage quality.
A natural question is that given some deployed sensors, how to schedule the
rotation behavior of the camera sensors such that the service delay is minimized.
Here in this thesis, the problem is actually studied in a more general scenario:
minimizing service delay in directional sensor networks. Although the problem of
reducing service (coverage) delay has been studied before in disk (omni-directional)
model [18], no previous work has been done in directional sensor networks. In
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directional sensor networks, sensors have multiple directions (sectors) to choose
from. In order to minimize the service delay of all the targets in the ﬁeld, we will
study problems such as: what are the optimal sets of sectors for each sensor to
cover and when should each selected sectors to be covered? It is also desirable to
have a distributed protocol such that sensors can locally coordinate and achieve
the optimization goal in a global range.
Finally, we consider a new application of camera sensors and study the problem of resource-aware crowdsourcing for smartphone photo sensing. Most current
generation of smartphones are equipped with GPS, orientation sensors, mega-pixel
cameras and advanced mobile operating systems. Photos captured by individual
smartphone users can be further uploaded to online social networks and authorities
for use in various applications based on photo crowdsourcing, such as grassroots
journalism [19], photo tourism [20], and even disaster recovery and emergency
management [21]. However, in scenarios like disaster recovery, there are strict
bandwidth constraints, no matter it is based on mobile ad hoc networks, delay
tolerant networks, or partly damaged cellular networks. Photos recorded at the
user end need to be uploaded and processed in real time. But most (traditional)
content-based image processing techniques such as [22, 23, 24] may demand too
much computation and communication resources at both the user and server ends.
On the other hand, existing solutions from description based techniques either categorize photos based on user deﬁned tags, or prioritize them by the GPS location
[25], which is neither eﬃcient nor accurate.
There are several challenges to be addressed in resource-aware crowdsourcing.
The ﬁrst is how to characterize the quality (usefulness) of crowdsourced photos in
a way that is both meaningful and resource friendly. Second, given the mismatch
between the bandwidth resource and the sheer amount of crowdsourced photos at
the user end, how does a centralized server/authority select and collect the most
useful ones? In addition, online selection/optimization also needs to be studied to
address the real-time requirements of the applications. Moreover, given the large
pool of candidate crowdsourced photos, eﬃcient methods are needed to remove
redundancy so that storage and computation resources can be better utilized.
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1.2

Focus of This Dissertation

In this thesis, we ﬁrst study the coverage problem in the camera sensor networks
under a novel model called full-view coverage. We provide answers to the questions
regarding the determination of the coverage quality, the density estimation for fullview coverage, the construction of the camera sensor barrier, and the deployment
strategy to achieve the full-view coverage and barrier coverage. Then we consider
cameras as directional sensors and study the service delay minimization problem.
Optimization models are introduced and solutions to the problems are proposed.
Finally, we further study an application of resource-aware crowdsourcing for smartphone based image sensing. More speciﬁcally, this dissertation concentrates on the
following four parts.

1.2.1

Full-view Coverage in Camera Sensor Networks

We introduce a novel model called full-view coverage. An object is said full-view
covered if there is always a camera sensor covering the object and no matter where
the object faces, its facing direction is suﬃciently close to the camera sensor’s
viewing direction. A target ﬁeld is said to be full-view covered if all the point is
full-view covered. With this model, we study a fundamental problem called fullview coverage detection (veriﬁcation) problem. Given a deployed camera sensor
network, which could be in arbitrary topology, we are able to determine whether
every point of the ﬁeld is full-view covered or not. Note that this problem is easy
for traditional disk coverage model, but the requirement of full-view coverage and
the complex geometrical relationship between diﬀerent objects and camera sensors
make the problem very complicated. Our method is based on techniques from
computation geometry and theoretical analysis proves its correctness.
Then the problem of how to deploy the camera sensors to achieve full-view
coverage is studied. In a uniform random deployment, the relationship between
the number of camera sensors and the probability of full-view coverage is studied.
Again, new parameters in the coverage model make the analysis much harder than
before. We are able to derive an upper bound of the number of camera sensors
needed. Furthermore, in a deterministic deployment, we describe a triangle lattice
based deployment pattern and show a necessary and suﬃcient condition on the
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number of camera sensors required. The results from the theoretical analysis are
conﬁrmed by extensive simulations.

1.2.2

Barrier Coverage with Camera Sensor Networks

There are two important kinds of barrier coverage: weak barrier coverage and
strong barrier coverage. We redeﬁne the two concepts given the new requirement
of coverage in camera sensor networks. In our consideration, weak barrier coverage
requires the traversing object’s face to be detected if it crosses the ﬁeld along a
straight path and its facing direction never changes. In strong barrier coverage,
no matter where the intruder faces and how it crosses the ﬁeld, it will always
be detected by a camera sensor whose viewing direction is close enough to its
facing direction. Strong barrier coverage provides much better coverage with the
tolerance of more ﬂexibility on the object’s behavior. On the other hand, weak
barrier coverage demands less camera sensors on the ﬁeld.
In both cases, novel methods to detect the existence of barrier coverage are proposed given a pre-deployed (arbitrary) camera sensor network. For strong barrier
coverage, we propose methods to select cameras and to further reduce redundancy.
Moreover, for the need of deterministic deployment, a new deployment pattern is
proposed, optimized and analyzed for strong barrier coverage. The performance
and eﬃciency of barrier coverage are evaluated and compared with full area fullview coverage in simulations.

1.2.3

Minimizing Service Delay in Directional Sensor Networks

For directional sensor networks like a camera sensor network, when the number of
active sensors is insuﬃcient to serve all the target points simultaneously, the sensors
are driven to steer and serve the target points around periodically. As targets may
not be served continuously but intermittently, the service delay aﬀects the quality
of service.
One optimization problem is how to choose the optimal set of targets for each
sensor to serve such that the maximum service delay is minimized. We show
that this problem is NP-complete. Then we propose a centralized protocol whose
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performance is bounded by a logarithm factor of the optimal solution. Based on
that, a fully distributed protocol is designed and it is proved that it can achieve
the same performance bound as the centralized protocol. Then, we extend the
optimization model by considering the rotation delay, and propose a scheduling
protocol to solve the problem. The performance of all the proposed protocols are
evaluated by extensive simulation.

1.2.4

Resource-Aware Crowdsourcing for Smartphone based
Photo Sensing

Inspired by the original full-view coverage model, we propose a framework, called
SmartPhoto, to quantify the quality of crowdsourced photos based on the accessible
geographical and geometrical information (called metadata) including the smartphone’s orientation, position and all related parameters of the built-in camera.
Metadata of photos are similar to a camera sensor’s parameters characterizing its
ﬁeld-of-view, facing direction, etc. From the metadata, we can infer where and
how the photo is taken, and then only transmit the most useful photos.
To address the challenges of resource constraints, three optimization problems
regarding the tradeoﬀ between photo coverage and resource, namely the MaxUtility problem, online Max-Utility problem and the Min-Selection problem, are
studied. These problems are proved to be NP-hard. Hence we propose eﬃcient
approximation algorithms to solve the issues. Further, through rigorous analysis,
we show the performance bounds of the proposed algorithms. To demonstrate
the eﬀectiveness of SmartPhoto, we implement a testbed using Android based
smartphones. Evaluation under real-world demo and extensive simulations conﬁrm
our ﬁndings.

1.3

Organization

The remainder of the thesis is organized as follows. In the next chapter, the
related work is discussed. Chapter 3 introduces the full-view coverage model and
present results on coverage detection and sensor deployment; Chapter 4 studies the
barrier coverage problems for camera sensor networks; Chapter 5 establishes the
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optimization models for the service delay minimization problems for directional
sensor networks; and Chapter 6 present the technical details and the results of
our study resource-aware crowdsourcing for smartphone image sensing. Chapter 7
concludes the thesis and shows the impact of our work on future research.

Chapter

2

Related Work
In this chapter, we review the related work and brieﬂy compare our work with
those most related.

2.1

Full Area Coverage and Camera Sensor Networks

Coverage problem under disk sensing model has been studied extensively in the
past few years. More comprehensive surveys on coverage detection (veriﬁcation)
methods can be found in [26, 8]. Here we only review the most relevant work.
In [27], it is shown that an area is k-covered if and only if the perimeter of all
sensor’s sensing range (disk) is k-covered. A polynomial-time detection algorithm
has been proposed based on this perimeter coverage property. In [28], the idea
of perimeter coverage has been developed into a distributed protocol in which no
location but only distance information is assumed to be known by the sensors.
Based on the same assumption, Kasbekar et al. [12] show that the target ﬁeld is
k-covered if the intersection points of the perimeter of any two sensors’ sensing
disks are k-covered. They also present a distributed protocol which schedules the
sensors to prolong the lifetime of the network with coverage guarantee. Another
direction on coverage detection is to utilize the property of the Voronoi Diagram.
Some interesting works are [29, 30], etc.
Sensor density estimation for k-coverage has been studied in [17, 31]. In [17],
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three kinds of deployments, square grid, uniform distribution and poisson distribution, are considered. Each sensor is assumed to work with probability p. Critical
condition on the relationship among the number of sensors, sensing radius and
the working probability (p) for the target ﬁeld to be almost surely k-covered has
been established. As people realized that requiring the whole target ﬁeld to be kcovered (full coverage) is not always necessary, various models on partial coverage
are proposed. Barrier coverage [17] and trap coverage [32] are two such variants.
In barrier coverage, the sensing disks of the active sensors form a strip zone which
serves as a barrier, and any object crossing the target ﬁeld is supposed to be detected by the sensors on the barrier. In trap coverage, coverage holes are allowed
to exist as long as the diameters of the holes are bounded. Sensor density estimation for these coverage requirements are derived [17, 33, 34, 32]. The optimal
deterministic deployment pattern for 1-coverage is based on triangle lattices, which
has been proved in [35]. One of the latest results on achieving both coverage and
connectivity in deterministic deployment under disk model can be found in [13].
With the development of new visual sensor technology, camera sensor networks
have received much attention recently in research [1, 3, 4, 36, 7, 37]. One basic
problem is how to characterize the usefulness of the image data and how to optimize
the network to achieve better quality of information. However, very little eﬀort
has been devoted to this ﬁeld. One problem studied is called pan and scan [6],
which is proposed to maximize the total coverage in a camera sensor networks. For
camera sensor placement, various optimization models and heuristics are studied
in [2]. However, the coverage model is relatively simple, depending only on the
distance between the target and the object, which does not consider the uniqueness
of photo coverage.
The above studies of disk coverage model and camera sensor networks inspire
our work in this thesis. The major diﬀerence between theirs and ours is that fullview coverage requires consideration of three factors: the distance between the
point and the sensor, the viewing direction of the sensor, and the orientation of
the sensor, while in disk model, only the distance needs to be considered. All these
issues make the full-view coverage problem much more complicated and challenging.
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2.2

Barrier Coverage in Sensor Networks

Barrier coverage has been ﬁrst studied in [38]. In wireless sensor networks, one
related problem is the maximum breach and minimum exposure path problem
[39, 40]. In this problem, the coverage quality of a sensor (or exposure) is modeled as a decreasing function of the distance between the sensor and the object.
The goal is to ﬁnd a traversing path in a deployed sensor network such that the
maximum exposure is minimized. After the introduction of the problem, some
interesting work proposed distributed algorithms for this problem, in which sensor
collaboration is exploited to detect the intruder [41, 42].
The concepts of weak and strong barrier coverage in wireless sensor networks
are introduced in [17]. A wireless sensor network provides weak barrier coverage if
the intruder is guaranteed to be detected when it takes the shortest path (i.e., an
orthogonal line) to cross the ﬁeld. Strong barrier coverage guarantees the detection
of the intruder no matter what kind of path it takes. They obtain the critical conditions of weak barrier coverage in a random deployment. The critical condition
for strong barrier coverage is obtained in [34] by using percolation theory. They
also give a distributed algorithm to construct the sensor barrier. The concept of
local barrier coverage is introduced in [43]. A wireless sensor network provides localized barrier coverage if the intruder is guaranteed to be detected when its path
is conﬁned to be in a sliced area. Localized sleep-wakeup scheduling algorithms
are given to achieve localized barrier coverage. By leveraging this localized barrier
coverage concept, an eﬀective way of measuring the quality of barrier coverage
is proposed in [44]. A method to ﬁnd all weak zones in the deployment is also
presented. The concept of barrier information coverage is introduced in [45]. The
basic idea is to exploit the collaboration between sensors on target detection to
reduce the number of sensors in use and hence prolong the network lifetime. Finally, the problem of constructing sensor barrier with mobile sensor is studied in
[46]. An optimization algorithm is given to schedule the movement of the mobile
sensors for barrier coverage under the constraint that the moving distance of each
mobile sensor is limited.
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2.3

Coverage in Directional Sensor Networks

The research works on directional sensor networks enjoy some similarity with the
traditional omnidirectional sensor networks. In [47], the problem of how to maximize the coverage with minimum sensors is studied. This problem is proved to
be NP-complete and a greedy heuristic is proposed. An extension work which
requires each target to be k-covered can be found in [48]. They considered the
dual optimization model of the problem, and they proposed greedy heuristics and
derived performance bounds. A similar problem in 3D case was considered in [49].
They use a potential ﬁeld based approach to decide the orientation of the sensors
such that the area covered is as large as possible.
All the above works study how to achieve the best static conﬁguration for a
directional sensor network. They assume enough sensors are deployed such that the
target points can be covered simultaneously. They do not consider the possibility
of steering sensors to cover more target points when the original deployment is
not enough. Although the authors of [9] considered the steering capability of the
sensors, their focus was how to steer the sensors to diﬀerent directions at diﬀerent
time to maximize network lifetime. They did not address the issue of how to
accommodate new targets points with less number sensors. Also their work was
based on heuristics and no performance bound was given.
Our work is also inspired by the study on the tradeoﬀ between the coverage
delay and the network lifetime in the traditional sensor model. Some of these works
are inspired by an earlier work on “sweep coverage”, which was ﬁrst introduced in
[38] for multi-robot system. In [50], a method called “virtual patrol” was proposed.
The idea is to only activate a small number of sensors covering a stripe zone of
the surveillance area each time. As sensors switch between on and oﬀ, the covered
stripe zone can virtually move from one place to another. Thus each point of the
area can be monitored periodically. In their work, the time between two sequential
“on” statues determines the coverage delay for the area covered by the sensor. The
key problem is how to schedule the on and oﬀ statuses of the sensors such that each
target point is covered within a bounded time and the sensors do not drain their
energy too fast. Some similar problems have been studied in [51, 52, 18]. Among
them, [18] has proposed a distributed protocol to reduce the average coverage
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delay under given “on” time percentage, which is very interesting work, although
no worst case performance bound is given.
The above works focus on the omni-direction (disk) sensing model, where each
sensor has only two statuses: on and oﬀ. The coverage delay in these works is
caused by turning oﬀ some sensors for power conservation. Compared with these
works, the service delay in our study is inherent due to the insuﬃcient number
of sensors. Minimizing the service delay is much more complicated because each
sensor has much more statuses (sectors) to consider. In fact, the service delay is
studied in the context of directional sensor networks by [53]. The delay is composed
of a ﬁxed refocusing delay, and a part proportional to the time gap from last service.
The problem is to generate a scheduling to tell which which target to serve and
at what time to serve. It is then modeled as an integer programming problem,
and solved by heuristic. This is an very interesting work with theoretical analysis
on the performance of the algorithms. However, they only considered the case of
scheduling a single server. And the optimization is only for the total (average)
delay, which is diﬀerent from our model to minimize the worst-case delay.

2.4

Resource-Aware Crowdsourcing

The mass adoption of camera sensors and other position sensors on smartphones
has enabled many new applications in various domains [54, 55, 56, 57, 58, 59, 60].
For example, one work is to study the user localization problem by using image
and other data obtained from smartphones [61]. Another work is to build photo
annotated world maps and create 3D models of the objects from 2D photos via
online social networks [62]. There are also some other interesting works that have
been done for image retrieval/search on smartphones, e.g., [24, 63], etc. These are
very interesting work demonstrating the great potential of smartphone based image
sensing. Most of these works utilize the so-called content-based image retrieval
techniques (see [22] for a good survey). However, these techniques involve powerintensive computation at both user and server end. Some demands a special piece
of codes to be downloaded for each search task and some demands human validation
to be included into the cycle [24]. These requirements can hardly be achieved and
the techniques are challenged by the content diversity and the resource constraints.
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Traditional content-based image retrieval is very diﬀerent from our approach
using a geometrical approach and focusing on bandwidth constrained scenarios.
As we will see, this part of our work is inspired by the full-view coverage model
which was ﬁrst proposed by us in [64]. We will develop a more general model that
can qualitatively measure the photo coverage of each object based on easily accessible geographical and geometrical data. One interesting work which has similar
motivation is called PhotoNet [25]. It is a picture delivery service that prioritizes
the transmission of photos by considering the location, time stamp, and color difference, with the goal to maximize the “diversity” of the photos deﬁned based on
the above parameters. Compared to their model, we consider direction and angle
information. These are very important and unique features for photos and enable
us to develop much ﬁner optimization models to characterize the tradeoﬀ between
resource and utility. Moreover, the solutions to our optimization problems are
rigorously analyzed.

Chapter

3

Full-view Coverage in Camera
Sensor Networks
In this chapter, we introduce the full-view coverage model. Then we propose
method on full-view coverage detection and sensor density estimation to achieve
full-view coverage.

3.1

Background

As we mentioned in the introduction, camera sensors are diﬀerent from traditional
scalar sensors in the sense that camera sensors may generate very diﬀerent views
of the same object if they are from diﬀerent viewpoints. The viewing direction
of the sensor has signiﬁcant impact on the quality of coverage in a camera sensor
network. To address this issue, we propose a novel model called full-view coverage.
An object is considered to be full-view covered if no matter which direction the
object faces, there is always a sensor whose sensing range includes the object and
that sensor’s viewing direction is suﬃciently close to the object’s facing direction
(rigorous deﬁnition is given in Section 3.2). Informally, if an area is full-view
covered, it is guaranteed that every perspective of an object at any position is
under the view of some camera sensor.
With this model, we study coverage issues arisen in camera sensor networks.
One important problem is that given a deployed camera sensor network, how to
determine if the target ﬁeld is full-view covered? Compared with the traditional
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model, there are two factors that increase the complexity of the problem in fullview coverage. First, the sensing range of a camera sensor is a sector, which is
supposed to be more complex than a disk. Second, and more importantly, the
viewing direction of each camera sensor can vary from one position to another,
and hence even if some objects are known to be covered (in traditional sense) by
the same set of camera sensors, they may receive diﬀerent quality of coverage due
to position variance. For example, in Figure 1.1(b), both objects (U, V ) are covered
by camera sensors S1 and S2 , and they are facing the same direction. However,
the viewing direction of S1 is closer to U ’s facing direction than to V ’s, meaning
that U receives better coverage (more likely to be recognized) than V . Moreover,
there are inﬁnite number of positions (points) to be considered in the target ﬁeld
and the object can face to any direction, which further increases the diﬃculty.
Another important problem is how to derive an estimate of the sensor density needed in a real deployment for full-view coverage. In practice, sensors can
be either deployed randomly, e.g., being dropped from aircraft to an inaccessible
zone, or deployed deterministically, e.g., being placed manually in a controlled environment. In both cases, a reliable estimation can serve as a guideline for the
real deployment. Since most previous works mainly focus on disk sensing model,
no result can be applied directly to full-view coverage, where combined eﬀects of
distance, camera’s orientation and viewing direction make the geometric relationship between the objects and the sensors much more complex, and hence make the
problem much more challenging.
In following sections, we ﬁrst introduce the full-view coverage model. Then we
propose an eﬃcient method to deterministically detect if a target ﬁeld can be fullview covered by any given set of camera sensors. We also derive an estimate of the
sensor density needed for full-view coverage in a random deployment. Finally, we
obtain a suﬃcient and necessary condition on the sensor density needed for fullview coverage in a triangle lattice based deployment and show that the density
needed in this deployment pattern is no more than a factor of the density needed
in any other deployment.
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Figure 3.1. The full-view coverage model.

3.2

Notations and Model

Camera sensors1 are deployed to monitor a bounded region A (target ﬁeld). Each
sensor Si has a sensing range r, a ﬁeld-of-view (FoV) angle φ and an orientation
vector f⃗i , which together deﬁne the sensing sector (Figure 3.1(a)). We use Si to
denote the i-th sensor. Without ambiguity, Si also denotes the sensor’s position.
For any two points U, V , let ∥U V ∥ denote the (Euclidean) distance between them.
→
→
→
→
For any two vectors −
v and −
v , let α(−
v ,−
v ) denote the angle between them, which
1

2

1

2

ranges from 0 to π. A point P is covered by a sensor Si if P is in the sensing sector
−
→ −−→
−−→
of Si , i.e., ∥P Si ∥ < r and2 α( fi , Sj P ) < φ/2, where Sj P is the vector from Sj to
P.
Definition 1 (Full-View Coverage). A point P is full-view covered if for any any
vector d⃗ (the facing direction), there is a sensor Si , such that P is covered by Si
−→
⃗−
and α(d,
P Si ) ≤ θ (Figure 3.1(b)). Here θ (∈ [0, π/2)) is a predeﬁned parameter
which is called the eﬀective angle. A region is full-view covered if every point in it
is full-view covered.

3.3

Full-View Coverage Detection

In this section, we propose an eﬃcient method to detect if the target region is
full-view covered by a set of deployed camera sensors.
1
2

We may use cameras or sensors for short through out the thesis.
For ease of analysis, we use “<” instead of “≤”, although not essentially.
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Figure 3.2. (a) An example of a camera sensor network; how do we know if A is full-view
covered? (b) A sub-region R whose boundary consists of 5 segments: T P , P Q, QM , M W
and W T .

3.3.1

Method overview

Given a set of deployed sensors, region A can be partitioned into sub-regions, where
each sub-region is deﬁned to be a set of points covered by the same set of sensors.
The boundary of each sub-region consists of either segments of lines or arcs which
are either part of the perimeter of the sensing sectors covering the sub-region or
part of A’s boundary. For example, in Figure 3.2(b), sub-region R is covered by 5
sensors and bounded by 5 segments: T P , P Q, QM , M W and W T .
We ﬁrst show that the whole region is full-view covered if and only if the
boundary of each sub-region is full-view covered. Then the most tricky part is to
determine if every point on a boundary segment is full-view covered, as there are
still inﬁnite number of positions to consider and the sensor’s viewing direction vary
from one position to another. To this end, we ﬁrst show an equivalent condition
on full-view coverage, and then propose a novel method based on geometrical
properties of the circumscribed circle and the inscribed angle. The intuition is
that if a point is full-view covered, there must be a set of sensors around it and
the angle between the viewing directions of any two adjacent sensors is no more
than 2θ. For any two sensors, we actually identify the area (called safe region) in
which for any point the angle between the two sensors’ viewing directions is no
more than 2θ. Then we solve the detection problem by checking if the segment is
contained in the safe region of every two adjacent sensors.
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Figure 3.3. Boundary condition.

3.3.2

Detection Method Description

We need to verify if the condition in Deﬁnition 2.1 holds for every point in A.
Actually we only need to determine if it holds on the boundary of every sub-region
in A.
Lemma 1. [Boundary Condition] The region A is full-view covered if and only if
the boundary of every sub-region is full-view covered by the given set of sensors.
Proof. The “only if” part is obvious. We only need to show the “if” part. We
actually show that for a given sub-region R, if R’s boundary segments are all
full-view covered, then R is full-view covered.
⃗ such that for any
Suppose there is an interior point V ∈ R and a vector d,
⃗ V⃗Si ) > θ. Now consider the intersection point
sensor Si with ∥V Si ∥ ≤ r, α(d,
of d⃗ and R’s boundary, which is denoted by X (Figure 3.3). We claim that X
is not full-view covered. In fact, consider a vector d⃗′ which is parallel to d⃗ and
originates from X. If X is full-view covered, then there must be a sensor Sj such
⃗ j ) ≤ θ. Clearly, Sj also covers V . Furthermore, we
that ∥XSj ∥ ≤ r, α(d⃗′ , XS
⃗ V⃗Si ) ≤ α(d⃗′ , XS
⃗ j ) ≤ θ, which is a contradiction. Therefore any interior
have α(d,
point of R is full-view covered if the boundary is full-view covered. The claim is
proved.
Given a segment P Q on the boundary of a sub-region R, where P and Q are
the two end points of the segment, we show a way to determine if every point
on the segment is full-view covered. Note that every point on P Q is covered by
the same set of sensors. For any point V ∈ P Q, we can construct a circular list
of these sensors regarding their viewing direction on V as follows (Figure 3.4).
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Figure 3.4. The circular list of V .

−−→
Initially the list is empty. We begin with any vector V Si and place it into the
−−→
list ﬁrst. Then we rotate V Si around V in the counterclockwise direction until it
−−→
−−→
becomes parallel to the next vector V Sj . Then we place V Sj into the list, right
−−→
after V Si . We continue rotating and placing vectors sequentially into the list until
we see the beginning vector again. Then the list is completed. We denote the list
−−−→
−−−→
by CLV = {V SV1 , . . . , V SVk }, where k is the number of sensors covering P Q. Then
the condition in the deﬁnition full-view coverage is equivalent to the following.
Lemma 2. [Circular List] A given point V is full-view covered if and only if for
−−→
−−−−→
CLV constructed as above, the rotation angle from V SVi to V SVi+1 is less than or
equal to 2θ for any 1 ≤ i ≤ k, where Vk+1 = V1 .
Proof. This is a straight forward from the deﬁnition and hence omitted here.
We need to determine if the above condition holds for any V ∈ P Q. To this end,
we introduce the concept of safe region. For any two sensors Si and Sj , we deﬁne
−−→ −−→
the safe region to be the area in which for any point V , α(V Si , V Sj ) ≤ 2θ; and
−−→ −−→
deﬁne the unsafe region to be the area in which for any point V , α(V Si , V Sj ) > 2θ
(Figure 3.5). The following lemma shows an eﬃcient method to identify the two
regions.
Lemma 3. [Safe Region] Given Si and Sj , there are two arcs Si Sj and Si Sj ′
which connect Si and Sj and are symmetrical with respect to line Si Sj , such that
the unsafe region is the enclosed region bounded by the arcs and the safe region is
the open region outside the unsafe region.
Proof. We prove the lemma by showing how to ﬁnd the two arcs. First we can ﬁnd
two diﬀerent points Pθ and Pθ′ on the perpendicular bisector of segment Si Sj , such
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Figure 3.5. The safe and unsafe region of Si and Sj .

that ∠Si Pθ Sj = ∠Si Pθ′ Sj = 2θ and they are on diﬀerent sides of Si Sj . Without
loss of generality, let Pθ be on the left side and Pθ′ be on the right side (Figure 3.5).
We draw the circumscribed circles of triangle △Si Pθ Sj and △Si Pθ′ Sj . Denote
the centers of the circles by OSi Sj and OS′ i Sj , and the radius (which is the same for
both) by rsaf e . Then arc Si Sj is the portion of the perimeter of ⊙OSi Sj on the left
side and Si Sj ′ is the portion of ⊙OS′ i Sj on the right.
In fact, for any circle and a ﬁxed chord (deﬁned here by Si Sj ) of the circle, all
inscribed angles with two endpoints at the ends of the chord are either equal or
supplementary to each other. Speciﬁcally, they are equal if the third points of the
angles are on the same side of the chord. Furthermore, for a given point Pθ on the
perimeter of the circle and another point P on the same side of line Si Sj as Pθ , if
P is outside the circle (∥P OSi Sj ∥ > rsaf e ), then ∠Si P Sj < ∠Si Pθ Sj ; if P is inside
the circle (∥P OSi Sj ∥ < rsaf e ), then ∠Si P Sj > ∠Si Pθ Sj . The proof of this property
can be found in any textbook on Euclidean Geometry and hence omitted here.
Now we can give a necessary and suﬃcient condition for P Q to be full-view
covered under some constraint.
Theorem 1. [Full-view Coverage Veriﬁcation] Suppose for every point V ∈ P Q,
the ordered list CLV = {SV1 , ..., SVk } is the same (in a circular way). Then P Q is
full-view covered if and only if it is within the polygon bounded by {SVi SVi+1 , 1 ≤
i ≤ k} and for any 1 ≤ i ≤ k, the unsafe region of SVi and SVi+1 does not intersect
with P Q, where Vk+1 denotes V1 .
Proof. This is a result from Lemma 2 and Lemma 3.
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Figure 3.6. (a) P Q is not full-view covered; (b) P Q is full-view covered.

We use an example to illustrate our idea (Figure 3.6). In Figure 3.6(a), the
distribution of the sensors are the same as in Figure 3.4(a). We draw the boundaries
of the unsafe regions for the 5 pairs of neighboring sensors (indicated by dotted
circles) as in Lemma 3, and check if they intersect with P Q 3 . As can be seen,
P Q intersects with the unsafe regions of S2 S3 , S3 S4 and S5 S1 , and hence it is not
full-view covered. Figure 3.6(b) shows the case when there are four other sensors
S6 , S7 , S8 and S9 covering P Q. In this case, P Q can be full-view covered as no
unsafe region intersects with it.
However, the ordered list CLV may not be the same for every point V ∈ P Q.
For example in Figure 3.7, S1 is prior to S2 in V ’s list, but S2 is prior to S1 in U ’s
list. To resolve this issue, we partition P Q into sub-segments. For 1 ≤ i ≤ k − 1
and i + 1 ≤ j ≤ k, if the line Si Sj intersects with P Q, we mark the intersection
point on P Q. Then P Q is partitioned into sub-segments deﬁned by every two
adjacent marked points (including P and Q). Since there are at most k(k − 1)
intersection points, the total number of sub-segments is O(k 2 ). Moreover, for a
speciﬁc sub-segment XY , where X and Y are two adjacent marked points, all
points on it have the same circular list of the sensors. Actually, if this is not true,
there must be two points U, V ∈ XY , and two sensors S1 , S2 ∈ SR , such that S1
comes before S2 in V ’s list but S2 is before S1 in U ’s list and there are no other
sensors between them (Figure 3.7). Then line S1 S2 must have an intersection point
with P Q, between X and Y , which is a contradiction to the fact that X and Y
3

In computation, this can be done by comparing the distance between the circle’s center to
P Q with the circle’s radius.
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Figure 3.7. The circular lists for U , V are diﬀerent: CLV = {S1 , S2 , . . . , Sk } but
CLU = {S2 , S1 , . . . , Sk }.

are adjacent intersection points.
Now we have a complete procedure for full-view coverage detection on a given
segment of a sub-region’s boundary. We can further apply this on all segments in
A. For an estimation of the total running time, the whole region can be considered
as a planar graph, where the vertices are the crossing points of sensing sectors
and edges are the segments. As any two sensing sectors can have O(1) crossing
points on the perimeters, the number of vertices is O(N 2 ), where N is the total
number of sensors. This further implies the total number of segments is O(N 4 ).
Our detection method requires O(k 2 ) time on each segment, where k (≤ N ) is the
number of sensors covering this segment. Therefore the total running time must
be a polynomial function of N .

3.4

Sensor Density Estimation for Full-View Coverage in Random Deployment

In this section, we derive an estimation on the lower bound of the probability that
a region is full-view covered by a given number of randomly distributed sensors.
With this result, we can estimate the sensor density needed to achieve full-view
coverage with any given probability (e.g., 0.99).

3.4.1

Technique Overview

Consider a random uniform distribution of N sensors in a square region A. Without
loss of generality, we assume A’s area is unit. Given r, φ and θ, we calculate the
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probability that A is full-view covered. Generally, if sensors are deployed in a
bounded region, the area very close to the boundary is likely to have fewer sensors
than the interior area, and hence less likely to be covered as required. A common
method to avoid this boundary eﬀect is to deploy the sensors in a slightly larger
region A′ , e.g., enlarging the side length of A from d to d + r [32]. The diﬀerence is
negligible if A is suﬃciently large. We can also make the analysis clean by assuming
the sensor’s coverage reﬂects at the boundary; i.e., for each sensor S with distance
less than r to a boundary, we assume there is another sensor outside the boundary
at the position symmetrical to S with respect to the boundary. In the following
analysis, we assume the boundary eﬀect is negligible.
First we approximate the continuous region by discrete grid points. This is
a common way to estimate the probability of area coverage [10]. We show that
if the grids are suﬃciently dense and are all full-view covered by a set of sensors
with (r′ , φ′ , θ′ ), where r′ = r − ∆r, φ′ = φ − ∆φ and θ′ = θ − ∆θ for any
given (∆r, ∆φ, ∆θ), then the whole region is full-view covered by the same set of
sensors with (r, φ, θ). Then we estimate a lower bound of the probability that all
grid points are full-view covered. Based on this, we obtain a lower bound of the
probability that A is full-view covered.
In the following analysis, we ﬁrst assume φ = 2π. This will give the essence
of our method. Note that the major challenge of full-view coverage is due to the
introduction of θ, not φ. Then we extend the analysis for any 0 < φ < 2π. Note
that in practice φ = 2π can be considered as the case that each node is bundled
with multiple camera sensors, facing to diﬀerent directions to form a panoramic
view. A camera that rotates around with negligible rotation time can also be
considered as in this case.

3.4.2

Probability Estimation for φ = 2π

We use triangle lattices as the grids, although any other grid patterns may also
suﬃce. Grid points are the vertices of equilateral triangles with side length l. Each
grid point P has six neighbors with distance l from it (Figure 3.8). They are called
P ’s 1-hop neighbors. Given A’s area ﬁxed to be unit, the choice of l depends on
(∆r, ∆θ).
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Figure 3.8. (a) The black dots are edge points of V ; (b) If V is in the unsafe region of
P1 , P2 , then P3 is an edge point.

Lemma 4. [Grid Point] Given (∆r, ∆θ), if l ≤ l0 (∆r, ∆θ), for any point V ∈ A
and any vector d⃗ from V , there is a grid point P such that ∥V P ∥ ≤ ∆r and
→
2∆r
⃗−
.
α(d,
V P ) ≤ ∆θ. Here l0 (∆r, ∆θ) = √3+cot
∆θ
Proof. Consider the set of all the grid points P with ∥V P ∥ ≤ ∆r, which is denoted
by GPV (∆r). Deﬁne an edge point to be a grid point P ∈ GPV (∆r) such that P
has an 1-hop neighbor not in GPV (∆r) and an 1-hop neighbor in GPV (∆r).
All the edge points and the line segments connecting them form a polygon
just inside the circle centered at V with radius ∆r (Figure 3.8(a)). Suppose the
intersection point of vector d⃗ and the above polygon’s boundary is between two
neighboring edge points P1 , P2 . We claim α(d, V P1 ) + α(d, V P2 ) ≤ 2θ, which will
prove the lemma.
Suppose the claim is incorrect. Then from Lemma 3, V is in the unsafe region
of P1 , P2 , which means ∥V OP1 P2 ∥ < rsaf e , where OP1 P2 is the center of the circle
deﬁning the unsafe region (Figure 3.8(b)). From trigonometry knowledge, we get
rsaf e =

l
.
2 sin (2∆θ)

So
∥V OP1 P2 ∥ <

l
2 sin (2∆θ)

Consider the triangles with P1 P2 as one side and a third vertex P3 . P3 is either
on the near side of P1 P2 and closer from V or on the far side of P1 P2 and further
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Figure 3.9. Grid point property: (a) there is no constraint on the distance between P
and Si (Lemma 4); (b) there is a lower bound rmin on the distance between P and Si
(Lemma 7).

from V . Consider the case when P1 is on the far side. Then ∥V P3 ∥ > ∆r (since if
else, either P1 or P2 is not edge point).
On the other hand,
√
√
3
l
∥P3 OP1 P2 ∥ = rsaf e · cos 2θ +
l = (cot 2∆θ + 3).
2
2
If l is as in the lemma, from triangle inequality
∥V P3 ∥ ≤ ∥V OP1 P2 ∥ + ∥P3 OP1 P2 ∥ < ∆r.
This is a contradiction. Thus the claim is proved.
Based on this result, we have the following condition regarding the whole region’s coverage.
Lemma 5. Suppose φ = 2π and all grid points are full-view covered by a set of
sensors with r′ = r − ∆r and θ′ = θ − ∆θ for some given (∆r, ∆θ). If l ≤ l0 (∆r,
∆θ) as indicated in Lemma 4, then any point V ∈ A is full-view covered by the
same set of sensors with (r, θ).
⃗ there is a
Proof. We need to prove that for any point V ∈ A and any vector d,
−−→ ⃗
sensor Si such that ∥Si V ∥ ≤ r and α(V Si , d) ≤ θ.
Suppose P is the grid point found in Lemma 4. Since P is full-view covered,
−→ −−→
there is a sensor Sj such that ∥P Sj ∥ ≤ r′ and α(V P , P Sj ) ≤ θ′ (Fig. 3.9(a)). From
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triangle inequality,
∥V Sj ∥ ≤ ∥V P ∥ + ∥P Sj ∥ ≤ ∆r + r′ = r.
Thus V is covered by Sj , and furthermore,
−→
→
−→ −−→
⃗−
⃗−
α(d,
V Sj ) ≤ α(d,
V P ) + α(V P , V Sj ) ≤ ∆θ + θ′ = θ.
Thus V is full-view covered by the sensors with (r, θ).
For any point V ∈ A, let CV denotes the event that V is full-view covered.
Lemma 6. Suppose φ = 2π. Given N sensors with (r′ , θ′ ) uniformly distributed
in A, the probability that a given point V is full-view covered is
′

′

P r(N, r , θ ) , P r[CV ] =

N ( )
∑
N
k= θπ′

k

pk (1 − p)N −k f (k, θ′ ),

where π/θ′ is the abbreviation for ⌊π/θ′ ⌋, p = πr′2 and
θ′ ( )
∑
k
θ′
′
f (k, θ ) =
(−1)j (1 − j )k−1 .
j
π
j=0
π

Proof. For a uniformly distributed sensor Si , the probability that it is within distance r′ from V is p = πr′2 and the probability that exactly k sensors are within
(N ) k
∑
N −k
r′ to V is N
.
π
k= ′ k p (1 − p)
θ

Consider the distribution of the sensor within the disk, since the sensor is
uniformly distributed in A, its distribution is also uniform if conditioned on the
disk area within distance r′ to V . Furthermore, for each sensor Si within the disk,
consider its projection Pi on the perimeter of the circle centered at V with radius
−−→
r′ . It is the intersection point of vector V Si and the circle. If we consider Pi ’s
position on the circle, it is also uniformly distributed. From lemma of boundary
condition (Lemma 1), given k sensors within distance r′ from V (and hence able to
cover V ), V is full-view covered if and only if the angle between any two adjacent
vectors is no greater than 2θ. This is equivalent to the event that the perimeter
of a circle with unit length is covered by k uniformly distributed arc segments
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Figure 3.10. Si ’s coverage range is projected as an arc on the circle.

with length θ′ /π (Figure 3.10). The latter probability is given by f (k, θ′ ), which
is shown in [65]. Therefore we have the probability shown in the lemma.
From Lemma 5 and Lemma 6, we obtain a lower bound on the probability for
region A to be full-view covered.
Theorem 2. Given r, θ and φ = 2π, the probability that region A is full-view
covered by N uniformly distributed sensors is lower bounded by
√
P r(N,

N −1
√
r,
N

√
N −1 M
√
θ) ,
N

where P r(N, x, y) is given by Lemma 6, M = ⌈ √83 l0−2 ⌉ and l0 = l0 ( √rN , √θN ) is given
by Lemma 4.
Proof. From Janson’s Inequality [10] and Lemma 6, the probability that all grid
points are full-view covered by N sensors with r′ =

√
N −1
√
r
N

and θ′ =

√
N −1
√
θ
N

is no

less than P r(N, r′ , θ′ )M , where M is the number of grid points in a unit area. Then
from Lemma 5, the whole area is full-view covered by sensors with r = r′ + ∆r
and θ = θ′ + ∆θ, where ∆r =

√1 r
N

and ∆θ =

√1 θ,
N

if the grid points are full-view

covered by the same set of sensors with (r′ , θ′ ). Therefore we have the lower bound
shown as above.
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3.4.3

Probability Estimation for φ < 2π

We use similar technique as above. Note that Lemma 4 and Lemma 5 are the keys
to the establishment of the above result. The rationale behind it is that if the
grid points are suﬃciently dense and all full-view covered, then the whole region
can be full-view covered if we slightly enlarge the sensor’s radius and the eﬀective
angle. However, we assumed φ = 2π there, which means any point V within ∆r
to a grid point P can also been covered by the sensors that cover P , and hence
makes the analysis clean. If φ < 2π, the sensor covering P may not cover V due
to the sensor’s orientation, no matter how close they might be to each other. A
natural solution is to expand φ′ to φ. However, it is diﬃcult to guarantee a small
bound on the increasing step (α1 in Figure 3.9(b)), and if we can not reasonably
bound this value, the error of the estimation would be large. To overcome this
diﬃculty, we require the grid points to be full-view covered by sensors which are
at least certain distance (a tiny lower bound) away from it. Then we can establish
similar results as in Lemma 4 and Lemma 5.
Lemma 7. Suppose each grid point can be full-view covered by sensors that are
at least rmin distance away and with parameters r′ = r − ∆r, θ′ = θ − ∆θ, and
FoV angle φ′ = φ − ∆φ, for some predeﬁned (∆r, ∆θ, ∆φ). If l ≤ l(∆r, ∆θ, ∆φ),
then any point A is full-view covered by the same set of sensors with (r, θ, φ). Here
l(∆r, ∆θ, ∆φ) =

min{2∆r,∆φ·rmin }
√
.
3+cot ∆θ

⃗
Proof. We need to show that for any V ∈ A and any facing direction (vector d),
→
−−→ −
−−→ ⃗
there is a sensor Si such that ∥V Si ∥ ≤ r, α(Si V , fi ) ≤ φ/2 and α(V Si , d)
≤ θ,
−
→
where fi is the orientation vector of Si . We ﬁrst observe that if l is as indicated as
above, it also satisﬁes the condition in Lemma 4. So there must be a grid point P
→
⃗−
such that ∥V P ∥ ≤ min{∆r, ∆φ · rmin /2} and α(d,
V P ) ≤ ∆θ. Moreover, among
the sensors that cover P , there must be a sensor Si such that ∥V Si ∥ ≤ r and
→
−−→ ⃗
−−→ −
α(V Si , d)
≤ θ. We only need to show that α(Si V , fi ) ≤ φ/2.
→
→
−−→ −
−−→ −−→
−−→ −
Note that α(Si V , fi ) ≤ α1 + α2 , where α1 = α(Si V , Si P ) and α2 = α(Si P , fi )
(Figure 3.9(b)). As P is covered by Si , α2 ≤ φ′ /2. From trigonometry knowledge,
−−→ −→
P ∥ sin β
we know α1 ≤ tan α1 = ∥V P∥V
, where β = α(P Si , V P ). Notice that
∥ cos β+∥P Si ∥
∥V P ∥ ≤ ∆φ · rmin /2, ∥P Si ∥ ≥ rmin and sin β ≤ 1. Therefore α1 ≤ ∆φ/2, and
→
−−→ −
hence α(Si V , fi ) ≤ φ′ /2 + ∆φ/2 ≤ φ/2.
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For any point V ∈ A, let CVrmin denote the event that V is full-view covered by
sensors which are at least rmin (< r) distance away.
Lemma 8. Given N sensors with (r′ , θ′ , φ′ ) uniformly distributed in region A, the
probability for a given point V to be full-view covered by sensors at least rmin (< r′ )
away is
P r(N, rmin , r′ , θ′ , φ′ ) , P r[CVrmin ]
N ( )
s ( )
∑
∑
N s
s k
N −s
=
p (1 − p)
q (1 − q)s−k f (k, θ′ ),
s
k
π
π
s= θ′

k= θ′

2
where π/θ′ is the abbreviation for ⌊π/θ′ ⌋,p = π(r′2 − rmin
), q = φ′ /2π, and f (k, θ′ )

is as in Lemma 6.
Proof. First note that given a sensor Si with rmin ≤ ∥V Si ∥ ≤ r′ , since its orientation vector is uniformly distributed in [0, 2π), the probability that V is covered by
Si is q. Also note that the probability that a sensor falls into the closed strip, with
r′ as outer radius and rmin as inner radius, is p. The meaning of f (k, θ′ ) is the
same as in Lemma 6. By combining these together, we have P r[CVrmin ] as shown
above.
Now we can give a lower bound of the probability that A is full-view covered.
Theorem 3. Given (r, θ, φ), the probability that region A is full-view covered by
N uniformly distributed sensors is lower bounded by
r
P r(N, √ ,
N

√
√
√
N −1
N −1
N −1 M
√
r, √
θ, √
φ) ,
N
N
N

where P r(N, w, x, y, z) is given by Lemma 8, M = ⌈ √83 l−2 ⌉ and l = l( √rN , √θN , √φN )
is given by Lemma 7.
Proof. From Lemma 7 and Lemma 8, this can be proved by following the same
argument as in Theorem 2.
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Figure 3.11. Necessary condition for triangle lattice: (a) θ ≥ π/6; (b) θ < π/6.

3.5

Sensor Density Estimation for Full-View Coverage in Deterministic Deployment

Deterministic deployment is the best way to achieve full-view coverage in a controlled environment, e.g., in indoor surveillance where camera sensors can be placed
at any place as required. In traditional disk model, triangle lattice based deployment is proved to be optimal in terms of sensor density [35]. In this section, we
construct a deployment pattern for full-view coverage based on triangle lattice. We
show a necessary and suﬃcient condition on the grid length such that the whole
area can be full-view covered. Based on that, we derive an estimation on the sensor
density needed for full-view coverage in the triangle lattice based deployment and
show that it is at most a factor from the optimal deployment pattern.

3.5.1

Triangle Lattice

The triangle lattice is constructed as follows. First we place ⌈2π/φ⌉ sensors together on a single point and let them face diﬀerent directions to form a single
node with φ = 2π. Then we place the sensor nodes on the vertices of the equilateral triangles with grid length l. Region A has unit area and it is assumed to
be suﬃciently large compared with r and hence we ignore the boundary eﬀect in
deployment.
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3.5.2

Density Estimation for Triangle Lattice Based Deployment

The grid length l of the triangle is critical. If it is too large, there will be points
not full-view covered. If it is too small, the deployment density and hence the cost
may be too high. Given the sensor radius r and the eﬀective angle θ, we want to
calculate the best l such that every point in A is full-view covered.
Actually if we replace (∆r, ∆θ) by (r, θ) in Lemma 7, we immediately have a
suﬃcient condition on l.
Lemma 9. Suppose sensors are deployed on the vertices of the triangle lattices
with grid length l. Given (r, θ), if l = l(r, θ) =

√ 2r
,
3+cot θ

then every point in A is

full-view covered.
Proof. This is a direct result from Lemma 4.
In fact, this is also a necessary condition for full-view coverage in the triangle
lattice based deployment.
Lemma 10. If region A is full-view covered, the grid length should be no smaller
than l = l(r, θ) =

√ 2r
.
3+cot θ

Proof. There are two cases: θ ≥ π/6 and θ < π/6. If θ ≥ π/6, consider the
situation in Figure 3.11(a). M is the intersection point of EG and the boundary
of the unsafe region of C, D, which is a portion of the circle centered at OC,D . Let
V be a point on the segment EM and with distance ϵ(> 0) to M . Let r′ = ∥EV ∥.
Since V is in the unsafe region of C, D, which means ∠CV D > 2θ, there must be
a grid point P such that either ∠CV P < 2θ or ∠DV P < 2θ and P can cover V .
This can only happen if r ≥ r′ (and hence P is E) because if not, there would be
no grid point between line V C and V D which can cover V . Let ϵ → 0 and hence
r → r′ = ∥EM ∥, which implies the critical value of l.
If θ < π/6, consider the situation in Figure 3.11(b). In this case, the boundary
of the unsafe region of C, D intersects with line EC on H and intersects with line
DG on B. First we notice that H is also the intersection point of the boundary
of the unsafe region of E, D and line EC. In fact, if we denote this intersection
point by H ′ , then ∠EH ′ D = 2θ. Similarly, ∠EHD also equals to 2θ. Since
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H and H ′ are on the same line, they are the same point. Then since HE is
parallel to BD, ∥HB∥ = ∥DE∥, which further equals to ∥CD∥ and ∥CG∥. Thus
polygon HCGB is a parallelogram, which means ∥HC∥ = ∥BG∥. From this, we
know △HCF and △BGE are congruent triangles, which means ∥HF ∥ = ∥BE∥.
By a similar argument as in the above case, we know that if r is smaller than
∥HF ∥, there is a point suﬃciently close to H such that it is not full-view covered.
Now consider the case when θ → 0. This implies ∥HF ∥ = ∥BE∥ → ∥BG∥ and
∥BG∥ → ∥EM ∥(→ ∞), which further implies ∥HF ∥ = ∥EM ∥ and hence we have
the critical value of l.
From the critical value of l obtained above, we calculate the required sensor
density for the triangle lattice based deployment. We compare it with other possible deployment patterns.
Theorem 4. Given (r, θ, φ), the camera sensor density for the triangle lattice
based deployment is

π
φ|Al |

which is no more than

deployment patterns. Here |Al | =

θr 2
2|Al |

√ 2
3r
√
,
3+2 3 cot θ+(cot θ)2

of the density of any other

which is the area of a equilateral

triangle with side length l.
Proof. First, from Lemma 9 we know l and hence the area of each triangle with
side length l, which is exactly |Al | shown as above. Then note that each triangle
has 3 vertices, and each vertex is the intersection point of 6 triangles. Thus the
total number of grid points in a unit area region is
number of sensors needed is

2π
φ

·

1
2|Al |

=

|A|
|Al |

·

3
6

=

1
.
2|Al |

Thus the total

π
.
φ|Al |

On the other hand, for any deployment patterns, each point in A should be
covered by at least π/θ sensors. Note that each sensor can only cover φr2 /2 area of
A, which is the area of the sensing sector. Thus the total number of sensor needed
is at least

π/θ
φr 2 /2

=

2π
.
θφr 2

Finally, the ratio of the above two values yields the bound on the scaling factor
in the theorem.
Figure 3.12 is an illustration on the number of sensors needed for full-view
coverage in an 100m × 100m ﬁeld when triangular lattice based deployment is used
(θ is from

π
6

to π3 , for r = 5, 10, 15 and φ = 23 π, 2π respectively).
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Figure 3.12. Number of sensors in triangular lattice based deployment.

3.5.3

Discussion

Finally, we make some remarks on the orientation of camera sensors. In practice,
some high power cameras may periodically rotate around, and hence cover more
area than static cameras. If the rotation time is negligible compared with the
object’s moving speed, the camera can be considered as having 2π FoV angle, and
hence our results in this chapter and Section 3.4-B can be applied directly. If the
rotation time is non-negligible, coverage delay may become another factor that
have impact on the quality of coverage [66]. We will discuss this issue later on in
Section 5.

3.6

Simulation and Numerical Results

In this section, we show some simulation results on full-view coverage. The purpose
of the simulation is two-fold. First we want to validate the theoretical results on
sensor density estimation for full-view coverage. Second we want to have a pictorial
view of the relationship between sensor density and the percentage of full-view
coverage.
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3.6.1

Simulation Setup

The target ﬁeld A is a 100m × 100m square region. We use two settings for sensing
radius: r = 5m and r = 25m. In both cases, we deploy the sensors in the ﬁeld with
area of (100+2r)m×(100+2r)m to circumvent the boundary eﬀect. The diﬀerence
is that when r is 5m, it is much smaller compared with the side length and hence
the deployment ﬁeld is almost the same as A. But if r = 25m, it is comparable to
the side length and hence the density results (both in the simulation and theoretical
estimation) are for the enlarged deployment ﬁeld. The FoV angle is ﬁxed to be
φ = π/3, and we use three values for the eﬀective angle, i.e., θ = π/6, π/4, π/3 (or
30, 45, 60 in degree) respectively.
In the ﬁrst part of the simulation, we vary the number of sensors from 10000 to
90000 for r = 5m, and from 1000 to 6000 for r = 25m, to observe the full-view coverage probability. We adopt the methodology as in [10] to calculate the probability
in simulation. Each experiment is run 100 times, and the results are averaged. As
comparisons, we also give the theoretical estimation for each conﬁguration. Note
r is normalized to 0.05 and 0.25 respectively.
In the second part of the simulation, we vary the number of sensors from 4000
to 40000 for r = 5m, and from 200 to 2000 for r = 25m, to observe the percentage
of full-view coverage. The percentage of full-view coverage is deﬁned to be the
percentage of points that are full-view covered. Each result shown here is the
statistical average of 100 experiments.

3.6.2

Simulation Result Analysis

Figure 3.13 shows the results of the sensor density under diﬀerent probability
requirement for full-view coverage. We use x-axle to denote the probability and
y-axle to denote the sensor density. The results shown here are for probability
requirement above 0.9, which would be of more interest in practice. The sensor
density is normalized by dividing the total number of sensors by the target ﬁeld’
area. The results shown here are for r = 5 and r = 25. In both cases, the
sensor density needed for full-view coverage increases as the required probability
increases, although the density for r = 25 is much lower than the density for
r = 5 (reﬂected by the range on y-axle). The theoretical results (indicated by
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Figure 3.13. Density vs. Probability: r = Figure 3.14. Percentage vs. Density: r =
5 and r = 25.
5 and r = 25.

‘estimate’ in the ﬁgures) serve as upper bounds for the real densities (indicated by
‘simulation’ in the ﬁgures) in all cases, which means as long as the sensor density
reaches the theoretical bound, the coverage probability is guaranteed. Moreover,
the theoretical bounds are very close to the real deployment density. The diﬀerence
becomes even smaller as the required probability is higher. This further validates
the theoretical estimation.
Figure 3.14 shows the results on the percentage of full-view coverage under
diﬀerent sensor densities. The percentage of full-view covered points increases
very quickly as the sensor density increases. By comparing this ﬁgure and Figure
3.13, we can see that although the density needed to achieve full-view coverage
for the whole target ﬁeld may be high, the density needed for a high percentage
(but not 100%) of full-view coverage is much lower. For example, when θ = π/4
and r = 25, 90% of the ﬁeld is full-view covered when the density is around 0.1
(1000 sensors). But if we want to achieve full-view coverage for the whole area
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with probability 0.9, the density should be above 0.25 (2500 sensors).

Chapter

4

Barrier Coverage with Camera
Sensor Networks
Barrier coverage has attracted much attention of research in the past few years.
However, most of the previous works focused on traditional scalar sensors. In this
chapter, we study the problem with the new camera sensor coverage model.

4.1

Background

In a wireless sensor network, a sensor barrier is formed by a set of sensors whose
sensing ranges are contiguous and span (usually a stripe of area) across the monitored ﬁeld. Every object traversing the ﬁeld from one side to another is detected
by the sensors on the barrier. Compared with full coverage, the number of sensors
required for barrier coverage is much less. Hence barrier coverage is considered
more scalable and attractive for large-scale deployment in practice.
In traditional wireless sensor networks, two kinds of notations of barrier coverage have been identiﬁed: the weak barrier coverage and the strong barrier coverage
[17]. The situation is much more complicated in camera sensor networks. One factor to consider, as in existing models, is the object’s path. The object can either
take a shortest (i.e., along a straight line) or non-shortest path to cross the ﬁeld.
Another factor, which is unique to the camera sensor network, is where the object
could face, or which aspect of the object we want to see. Barrier coverage of camera
sensors is much diﬀerent and more complicated than the traditional barrier cov-
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erage problem. Simply combining the sensing range of a series of cameras across
the monitored ﬁeld does not provide eﬀective barrier coverage. In this chapter, we
study the barrier coverage in camera sensor networks by leveraging the concept of
full-view coverage.
In this chapter, we ﬁrst consider the scenario when the object always takes the
shortest path, i.e., a straight line to cross the ﬁeld. A new weak barrier coverage
model is proposed. Then the weak barrier coverage veriﬁcation problem is studied.
The problem asks if the monitored ﬁeld is under weak barrier coverage given a
deployed camera sensor network. A series of procedures to verify the coverage
will be introduced. Then the assumption will be relaxed such that the object can
take any possible path between the entrance and the exit and has more ﬂexibility
on choosing the facing direction. It is not diﬃcult to see that the stronger the
coverage is (or the more choices the object has), the more camera sensors are
needed. Simulation results will be given at the end of this section.

4.2

Weak Barrier Coverage of Camera Sensors

Consider the case when the object takes a shortest path to cross the ﬁeld. In
practice, we may want to observe the object from multiple aspects. One example
can be found in an application to monitor vehicles crossing the ﬁeld. One may
require the frontal image of the vehicle that contains the plate information and the
driver’s face image to be observed. It is also likely for the application to ask for a
side view so that the speciﬁc model of the vehicle can be identiﬁed. In these cases,
a proper coverage should provide views all around the vehicle as it passes over the
monitored ﬁeld. Note that the purpose is not to provide a full-view coverage at
one spot, but to accumulate multiple views along the way (Figure 4.1). Based on
this, we develop a new weak barrier coverage model for camera sensor networks.
Consider a two dimensional rectangular area A with one side being the entrance
and another side being the exit. A camera sensor network S = {S1 , . . . , Sn } has
been deployed to monitor A. The weak barrier coverage of the camera sensor
network is deﬁned as follows.
Definition 2. The monitored ﬁeld A is said to be under weak barrier coverage by
the deployed camera sensor network if for any object traveling from the entrance
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Near frontal view

Left side view

Right side view

Figure 4.1. Although there is no single point on the path where the vehicle is full-view
covered, multiple views of the car body will be accumulated along the way.

to the exit along any straight path, and for any predeﬁned facing direction ⃗v , there
is a point P on the path such that P is coved by a camera sensor Si , and the angle
−−→
between ⃗v and P Si is smaller than the eﬀective angle θ.
Note that in the above deﬁnition and the rest of the article, we use the term
“face” or “facing direction” to denote any aspect of the object that we are interested
in. As before, it can be represented by an angle from 0 to 2π. With this deﬁnition,
the problem considered here is deﬁned as follows.
Definition 3 (Weak Barrier Coverage Veriﬁcation Problem). Given a rectangular
ﬁeld A to be monitored, and a network of camera sensors S = {S1 , . . . , Sn } with
ﬁxed sensing radius r and FoV angle φ but arbitrary locations and orientations,
also given the eﬀective angle θ ∈ [0, π2 ), the problem asks whether A is under weak
barrier coverage by S.
The challenge to the problem comes from the requirement that an object needs
to be covered from multiple views during the trip crossing the ﬁeld. Unlike in
classic coverage model where the coverage only depends on the distance between
the traversing path and the sensor, the impact of each individual camera also
depends on its viewing direction to the object, which changes continuously when
the object moves.

41

Si

Q1

ș

B

ș
ș

A

Q2
L: object’s path

Integrated range

(a)

(b)

Figure 4.2. The object’s face can only be detected if it is within Q1 Q2 and faces to
certain direction:(a) as it travels from Q2 to Q1 , the range in which it will be detected
will gradually shifts (the grey sectors); (b) the union of the range is the sum (integrated
range) of facing direction where the object’s face will be detected within Q1 Q2 .

4.2.1

Conversion into 2-D Coverage Verification

The key is to map the above problem into a classic two dimensional coverage
problem, in which a predeﬁned area is to be covered by a set of subareas and no
direction issue is involved.
Given the rectangular area A to be monitored, consider a crossing path L and
a camera Si covering a portion of L. When an object P travels within the covered
portion of L, its face (or any given aspect) will be detected by Si , if its facing
direction falls into the range [arg(P⃗Si ) − θ, arg(P⃗Si ) + θ] (recall that arg(⃗v ) is
the angle representing the vector ⃗v ). Obviously, as P moves, this range will shift
accordingly. There are two critical positions of P , which are the two intersection
points of L and the boundary of Si ’s sensing range (Figure 4.2). One of the point
is closer to exit, denoted by Q1 , and the other is closer to entrance, denoted by Q2
1

. Consider the case when L is to the right of Si as shown in Figure 4.2. Then as

P travels from Q2 to Q1 , its face will be detected if its facing direction is within
(arg(Q⃗2 Si ) − θ, arg(Q⃗1 Si ) + θ), if arg(Q⃗2 Si ) − θ < arg(Q⃗1 Si ) + θ;
(arg(Q⃗2 Si ) − θ, 2π) ∪ [0, arg(Q⃗1 Si ) + θ), otherwise.
(4.1)
1

Note that if the distance between L and Si is equal to r, then Q1 and Q2 are the same point.
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Here the angle is calculated by using modulo 2π, which means if arg(Q⃗2 Si ) − θ ≥
arg(Q⃗1 Si ) + θ ≥ 2π, the actual interval will be from 2π + arg(Q⃗2 Si ) − θ to 2π
and then from 0 to arg(Q⃗1 Si ) + θ. Similar expression can be obtained for the case
when L is to the left of Si .
To characterize the above relationship between L’s position and the coverage,
a 2-D Cartesian coordinate system is used with the x axis parallel to A’s width
(horizontal) and the y axis perpendicular to the x axis (Figure 4.3). Any shortest
path L across the ﬁeld is mapped onto a point on the x axis. Let the leftmost
path (i.e., the left boundary) be mapped onto x = xlef t and the rightmost path be
mapped onto x = xright .
In this coordinate system, y axis indicates the facing direction, which means
only the range [0, 2π) will be considered. In this system, a point (x0 , y0 ) is said
to be covered (or marked covered) if the following is true: when the object travels
along the path x = x0 and faces to the direction y0 , its face is detected. In general,
consider a path L corresponding to x = xL . If the object’s face is detected when
its facing direction is within [α1 , α2 ], then all points with x coordinate equal to xL
and y coordinate within [α1 , α2 ] in the new coordinate system are marked covered.
To avoid confusion, the new coordinate system is referred to as the projection
space and the original space where the ﬁeld A is deﬁned is referred to as the
monitored space. From the above description, it should be clear that a point (x, y)
marked covered in the projection space has nothing to do with the coverage of the
point (x, y) in the monitored space.
From deﬁnition of the weak barrier coverage and the above discussion, it is
clear that the following lemma is true.
Lemma 11. The monitored ﬁeld A is under weak barrier coverage if and only if
in the projection space the following area
Aproj = {(x, y) : x ∈ (xlef t , xright ), y ∈ [0, 2π)}

(4.2)

is covered2 .
2

We use open set for ease of presentation and to make the analysis clean, although it is not
necessary.
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Figure 4.3. In the monitored space, ﬁeld A is to be covered by the camera sensors. A
facing direction v⃗i with angle yi at a particular point of a crossing path Li , represented
by x = xi , is projected onto a point (xi , yi ) in the projection space. If vi is covered at
some spot Pi on the path Li , (xi , yi ) is covered.

4.2.2

Coverage of Individual Camera Sensor

For a given L and Si , it is not diﬃcult to ﬁnd the set of points to be marked
covered in the projection space. However, the number of paths to be considered in
the monitored space is countless. An eﬃcient way is needed to characterize the set
of marked points in the projection space. In the following discussion, for each Si a
mathematical expression is obtained to describe the shape of the set of all points
that are marked covered in the projection space.
To characterize the shape of a point set, the key is to ﬁnd its boundary. Consider the sensing sector of Si which is deﬁned by three vertices Si , A, B with A
being the next vertex of Si in the counter-clockwise order. Let xSi , xA and xB
denote the corresponding x coordinate of them in the projection space. There
are six cases to consider depending on the permutation of the three points (from
left to right): (xSi , xA , xB ), (xSi , xB , xA ), (xA , xSi , xB ), (xA , xB , xSi ), (xB , xSi , xA ),
(xB , xA , xSi ) (Figure 4.4).
We consider the ﬁrst case (Figure 4.4(a)). It can be further divided into two
scenarios depending on if B is the rightmost point of Si ’s sensing range. Suppose
it is the rightmost point and consider the process that L moves from x = xB to
x = xSi (Figure 4.5(a)). There are two parts: the ﬁrst part from x = xSi to x = xA
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Figure 4.4. There are six cases to consider in the computation of an individual camera’s
coverage impact.

and the second part from x = xA to x = xB . Recall the two critical positions Q1
and Q2 that are the two intersection points of L and Si ’s boundary. Here Q1 is on
Si A and Q2 is on Si B for the ﬁrst part and BA for the second part. We ﬁnd the
function describing arg(Q⃗1 Si ) and arg(Q⃗2 Si ) in terms of L’s position x = xL .
Without loss of generality, the coordinate system can be shifted such that xSi =
⃗ i ), which is a constant
0. In both the ﬁrst and the second part, arg(Q⃗1 Si ) = arg(BS
only depending on the position of Si and B. In the ﬁrst part xL ∈ (xSi , xA ),
⃗ i ), which is a constant only depending on the position of Si
arg(Q⃗2 Si ) = arg(AS
and A. In the second part xL ∈ [xA , xB ), arg(Q⃗2 Si ) = π − arccos xL (recall r is
r

the sensing radius). Then from the expressions of arg(Q⃗1 Si ) and arg(Q⃗2 Si ), and
equation (4.1), we can deﬁne in the projection space the set of points to be marked
covered, which is denoted by Ci :
Ci = {(x, y) : 0 < x < xB and y2 (x) < y < y1 (x), if y2 (x) < y1 (x);
y2 (x) < y < 2π or 0 ≤ y < y1 (x), otherwise},
(4.3)
where
⃗ i ) + θ (mod 2π), x ∈ (xS , xB ),
y1 (x) = arg(BS
i
⃗ i ) − θ (mod 2π), x ∈ (xS , xA ),
y2 (x) = arg(AS
i
x
y2 (x) = π − arccos − θ (mod 2π), x ∈ [xA , xb ).
r

(4.4)

45
y

y

2π

2π

arg(BSi) +©

arg(BSi) +©

y =± arccos(x/r)
Projection
Space

(xB’ , arg(B’Si) +©)

(xB , arg(BSi) ©)
arg(ASi) -©

(xB’ , arg(B’Si) ©)
arg(ASi) -©

y =± arccos(x/r)

xB

0 xA

x

y =± arccos(x/r)

xB xB’

0 xA

x

B
Si

Si
Monitored
Space

B’

B

A
A

(a)

(b)

Figure 4.5. The computation of an individual camera sensor’s coverage: (a) vertex B
is the rightmost point of Si ’s sensing range; (b) another point B ′ that is on the AB is
the rightmost point of Si ’s sensing range.

Now suppose B is not the rightmost point of Si ’s sensing range. In this case,
the rightmost point, denoted by B ′ , is on AB (Figure 4.5(b)). Let xB ′ be the x
coordinate of B ′ and consider the process when L moves from x = xSi = 0 to
x = xB ′ . There are 3 parts. The ﬁrst and the second are the same as above; the
additional third part is from x = xB to x = xB ′ . In the third part when Q1 is on
BB ′ and Q2 is on AB ′ .
As a result, the set of points to be marked covered in the projection space can
be deﬁned similarly as in equation (4.3), (4.4), and the only modiﬁcation is the
additional deﬁnition of y1 (x) and y2 (x) in (4.4), for the additional third part, i.e.,
x
+ θ (mod 2π), x ∈ (xB , x′B ),
r
x
y2 (x) = π − arccos − θ (mod 2π), x ∈ (xB , x′B ).
r
y1 (x) = π + arccos

(4.5)

We can run similar procedures as above to ﬁnd the point sets for the other ﬁve
cases. Note that although the images of the point sets are not regular shapes like
rectangles or triangles, their boundaries are either straight line segments or part of
the curve deﬁned by the function arccos(·) that is used in equations (4.3)(4.4)(4.5).
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4.2.3

Coverage Verification

As we mentioned, the coverage veriﬁcation problem becomes the problem asking
that in the projection space, whether the subarea Aproj deﬁned in (4.2) is covered
by the family of point sets {Ci , 1 ≤ i ≤ n}.
In the projection space, Aproj is partitioned into subarea by {Ci , 1 ≤ i ≤ n}.
A straight forward method to verify coverage is to go through every subarea and
verify the coverage one by one. An alternative considered here is to study the
boundary of each Ci .
Theorem 5. Suppose in the projection space there is at least one Ci whose intersection with ∈ Aproj is nonempty. Then Aproj is covered if and only if for each Ci
and any point PB on its boundary and PB ∈ Aproj , PB is covered by at least one
Cj other than Ci .
Proof. We will show the “if” part since the “only if” part is obvious.
Suppose the conditions are met but there is one point P ∈ Aproj that is not
covered. Note that in our case, Aproj is equivalent to {(x, y) : x ∈ (xlef t , xright ), y ∈
R(mod 2π)}, which is an open set. A pictorial way to look at Aproj is to consider
it as the surface of a cylinder, and the boundary, which is composed of the circumference of the bottom and upper disk, does not belong to it. Also, every Ci is
essentially an open set in {(x, y) : x ∈ R, y ∈ R(mod 2π)}.
As P is an interior point of Aproj and it is not covered by any Ci , a connected
region RP (an open set) that contains P and is included in Aproj can be found
not covered by any Ci . Without loss of generality, suppose RP is maximal, which
means for any point on the boundary of RP and any neighborhood of the point,
there is always a point that is either covered or not in Aproj .
Now consider RP ’s boundary. There must be a Ci such that the intersection
of Ci ’s boundary and RP ’s is nonempty (otherwise RP is surrounded all by Aproj ’s
boundary which can only happen when Ci ∩ Aproj = ∅, ∀i). As a result, for any
point on that part of the boundary, it is not covered by any other Cj , j ̸= i, which
is a contradictory. Therefore, Aproj is covered.
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Figure 4.6. (a) The plane is partitioned into sub-regions; each sub-region is identiﬁed by
a number; (b) the graph is constructed based on the relationship among the sub-regions;
the number on the node indicates the corresponding sub-region in (a).

4.3

Strong Barrier Coverage

All the camera sensor’s and the network’s parameters are deﬁned as in the above
section. Based on the concept of full-view coverage, we introduce the following
deﬁnition on what a strong barrier coverage in a camera sensor network should be.
Definition 4 (Strong Camera Sensor Barrier). Given a rectangular ﬁeld A with
one side being the entrance side and the opposite side being the destination side,
a strong camera sensor barrier B is a connected region inside A such that B is
full-view covered and every path from one point on the entrance side to another
point on the destination side intersects with B.
For convenience of presentation, we still assume the entrance side is at the
bottom and the destination side is at the top.

4.3.1

Method Overview

In practice, camera sensors can be deployed randomly in a target area and hence
we do not have precise control on the position of each camera. Even if the initial
deployment is controlled, sensors’ failure due to energy or other factors will make
the network’s topology unpredictable. In this section, we propose a method to
select camera sensors from an existing and arbitrary deployment to form a camera
barrier.
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As mentioned before, simply selecting cameras across the ﬁeld with connected
sensing range does not necessarily form a camera barrier. We need to guarantee
that each point of the barrier is full-view covered. This is the key challenge here.
We approach this problem by ﬁrst converting the monitored ﬁeld into a graph
(discretization) in which each node represents a small sub-region and two nodes
are connected if they are adjacent. By doing this, we can verify the coverage
quality of each sub-region and determine a subset of nodes (sub-regions) that are
full-view covered. Then we ﬁnd a shortest path from the left boundary to the right
boundary, consisting of nodes that are full-view covered. All the nodes on this path
represent a set of contiguous sub-regions across the ﬁeld, which is essentially the
camera barrier we are looking for. We also utilize some redundancy reduction
technique to eﬀectively reduce the number of cameras in use. We show the details
in the subsequent sections.

4.3.2

Discretization

Given a set of deployed sensors, ﬁeld A can be partitioned into sub-regions, where
each sub-region is deﬁned to be a set of points covered by the same set of sensors.
Two sub-regions are adjacent if they share at least one common boundary, which
can be a line or arc segment from the boundary of the sensing range of some
sensors. We model all the sub-regions and their relationship to each other by a
graph G = (V, E). Each node in V represents a sub-region. There is an edge (i, j)
between node i and j if and only if they are adjacent sub-regions. An example of
this graph is shown in Figure 4.6.
Two virtual nodes s and t are then added into this graph. They represent the
left and right boundaries of ﬁeld A respectively. There is an edge (s, i) between
node s and i if sub-region i intersects with the left boundary of A. Similarly there
is an edge (j, t) if sub-region j intersects with the right boundary of A.
The number of sub-regions in G is O(n4 ), where n is the total number of
cameras. The reason is as follows. We can consider the ﬁeld A as a planar graph,
where the vertices are the intersection points of sensing sectors and edges are the
line or arc segments between any two intersection points. Since any two sensing
sectors can have O(1) intersection points on their perimeters, the number of vertices
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is O(n2 ). This further implies the total number of edges is O(n4 ). From Euler’s
formula [67], the number of faces, i.e., sub-regions, is thus equal to 2 − O(n2 ) +
O(n4 ), which is O(n4 ).

4.3.3

Strong Barrier Coverage Verification

For a given sub-region R, we need to verify if every point in it is full-view covered.
Note that all points in R are covered by the same set of camera sensors. In this
section, we focus on this particular set of sensors. Since R is always within their
FoV, we can ignore their orientation vectors (i.e., f⃗i ). What really matters here is
the position of each camera and the geometrical relationship between it and the
object’s position.
The idea is similar to what we used in the full-view coverage veriﬁcation method
in Section 3. The diﬀerence is that here we apply the veriﬁcation procedures on
each individual sub-region rather than on the boundary segments. Similarly as
before, we have the following result of full-view coverage veriﬁcation for a subregion R, and the proof is omitted due to the similarity.
Theorem 6. Suppose R is covered by camera sensors {SV1 , ..., SVk }, and for every
point V ∈ R, the circular list CLV = {SV1 , ..., SVk } is the same (in a circular
way/order). Then R is full-view covered if and only if it is within the polygon
bounded by {SVi SVi+1 , 1 ≤ i ≤ k} and for any 1 ≤ i ≤ k, the unsafe region of SVi
and SVi+1 does not intersect with R, where Vk+1 denotes V1 .
The example in Figure 4.7 is an illustration of our idea. In this example, there
are seven cameras covering sub-region R. We draw the boundaries of the unsafe
regions for the seven pairs of neighboring sensors (indicated by dotted arcs), and
check if they intersect with R. Note that in computation this can be done by
comparing the distance from the circle’s center to each boundary segment of R
with the circle’s radius. As can be seen in the ﬁgure, the unsafe regions of S4 , S5
and S5 , S6 intersect with R, and hence the intersection area (shaded area of R) is
not full-view covered. All other areas in R are full-view covered.
We still need to consider the issue when the circular list CLV may not be
the same for every point V ∈ R. For example in Figure 4.8, S1 is prior to S2
in V ’s list, but S2 is prior to S1 in U ’s list, i.e., CLV = {S1 , S2 , S3 , . . . , Sk },
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Figure 4.7. R is not full-view covered. Figure 4.8. The circular lists of U and V
are diﬀerent.

CLU = {S2 , S1 , S3 , . . . , Sk }. This happens if two cameras covering R are on a line
which intersects with R (e.g., the line S1 S2 intersects with R at X, Y ). To solve
this problem, we need the following concept.
Definition 5 (Partition). A partition is a maximal subset of points in a sub-region
R such that the circular list of every point of the subset is the same.
We need to ﬁnd all the partitions of R. In fact, R can be partitioned by the
lines connecting any two cameras covering R. For example, in the above example,
R can be divided into two partitions by S1 S2 XY , where X, Y are the intersection
points on R’s boundary (note that there will be no new partitions if X, Y are in
the middle between S1 and S2 ). If there were another pairs of cameras like this,
then R would be further partitioned. For each partition, we can use above method
to verify the coverage.
Once the coverage veriﬁcation of all sub-regions have been completed, the graph
G will be modiﬁed by removing all edges that are adjacent to notes (sub-regions)
not full-view covered. The result graph is called the coverage graph. And the
veriﬁcation result is summarized by the following theorem.
Theorem 7. If there is an s − t path in the coverage graph, i.e., a series of nodes
from s to t with each one connected by an edge to the next, in the coverage graph,
the monitored ﬁeld is under strong barrier coverage by the deployed camera sensors.
Proof. Obviously, an s − t path in the coverage graph is corresponding to a series
of sub-regions that are all full-view covered and connected together. Also, s (t)
represents the left (right) boundary, the node adjacent to s (t) must intersect
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with the left (right) boundary. Thus, any path from the bottom to the top must
intersect with at least one of the above sub-region. Thus, the monitored ﬁeld is
under strong barrier coverage with camera sensors.

4.3.4

Discussions

There are several interesting questions that need to be further investigated. We
will brieﬂy discuss them as follows.
Minimum Camera Selection If the monitored ﬁeld is under strong barrier coverage by the deployed camera sensors, one interesting question is how to ﬁnd the
minimum set of cameras to form the barrier. If we consider this in the coverage
graph, there are possibly multiple valid s − t paths in the coverage graph. And we
want to select the one (the camera barrier) which requires the minimum number
of active cameras.
One way is to count for each s − t path how many cameras needed to full-view
cover the selected sub-regions. However, the number of s − t paths can be an
exponential function of the number of nodes, which makes the solution ineﬃcient.
In fact, even if we were able to ﬁnd the path with the minimum cameras used,
the path is still not guaranteed to be optimal as some redundancy may exist on
the path (see later discussion). This question needs to be further investigated, but
here we can use a heuristic based on the shortest-path selection algorithm.
A shortest path between s and t can be found by using Dijkstra’s algorithm [68].
There is one implementation issue that is worthy to be mentioned. We observe
that two nodes are adjacent if the two sub-regions share a common boundary. That
means the two sets of cameras covering these two sub-regions diﬀer by only one
element, which further implies that one of the two sets includes the other. Thus,
if the sub-region covered by the larger set is chosen, the other sub-region can be
covered at no additional cost. During the execution of Dijkstra’s algorithm, we
take advantage of this property by setting the cost of the edge from the node with
a larger camera covering set to the node with a smaller subset to be 0, and all
other edges to be 1. This encourages the algorithm to select the node which is
covered by cameras that are already selected.
After the shortest path is found, the camera sensors that cover the correspond-
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ing sub-regions are activated and all other cameras can be put into sleep.
Redundant Camera Sensors Another issue is the redundancy in the above
camera selection algorithm. In general, given a set of selected sub-regions that are
full-view covered by a given set of deployed camera sensors, a camera is considered
redundant if the sub-regions are full-view covered without that camera being used.
A subset of cameras are redundant if the sub-regions are full-view covered after
those cameras being removed (turned oﬀ). As an illustration, Figure 4.9 shows the
cause of redundancy on an individual sub-region. Here cameras S1 , S2 , S3 all cover
the sub-region R. As the unsafe region of the two neighbors of S3 does not intersect
with R, S3 can be turned oﬀ if S1 and S2 are both on. Due to this, selecting all the
cameras covering the sub-region without eliminating possible redundant cameras
in the above algorithm might be a waste.
However, the diﬃculty of removing redundancy is that a camera which is redundant for one sub-region may be necessary for another sub-region. To resolve the
issue, redundant cameras for each sub-region are ﬁrst identiﬁed. If a sub-region
has multiple partitions, then each partition is treated separately. A redundant
cameras found in one speciﬁc sub-region (partition) can only be removed if for any
other sub-regions, it is either not used (i.e., it does not cover that sub-region) or
being a redundant camera in that sub-region.
Consideration of Non-full-view Covered Sub-regions Another issue in current coverage veriﬁcation algorithm is due to the lack of consideration of the subregions that are not full-view covered. It is likely that those sub-regions may also
be used as building blocks for a valid camera barrier. An illustration is shown in
Figure 4.10. In this example, none of the three sub-regions R, R1 and R2 are con-
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sidered full-view covered. However, since the full-view covered portion of the three
is connected, it is still possible to construct a valid barrier across them. Fortunately, the coverage veriﬁcation procedure proposed above can be readily adapted
to solve this issue.
The key is to precisely identify for each sub-region which part is full-view
covered. Without loss of generality, we assume there is only one partition in the
sub-region. Consider the set of cameras covering a sub-region R. Recall that
for each pair of adjacent cameras, an arc deﬁning the safe (unsafe) region can be
identiﬁed. Then consider the intersection of the safe region of all pairs of adjacent
cameras covering R, which is denoted by IR . If IR is empty, then no point of R is
full-view covered. Otherwise, the intersection of IR and R is the set of points that
are full-view covered.
Now for each sub-region, there are three possibilities: full-view covered, partially full-view covered with the covered subset identiﬁed, and not full-view covered
at all. If a sub-region is not full-view covered at all, then in the coverage graph,
all edges adjacent to the corresponding nodes are removed. If for two adjacent
sub-regions, their full-view covered subsets are connected to each other, the edges
between those two sub-regions are kept. Otherwise, the edge between those two
are removed. Finally, after the modiﬁcation, it can be seen that the monitored
ﬁeld is under strong full-view coverage of the deployed camera sensor network if
and only if there is at least one s − t path in the coverage graph.

4.3.5

Simulation Results

In this section, we show the simulation results for the barrier coverage. The main
purpose of the simulation is to compare the number of camera sensors needed with
full coverage (i.e., every point of the monitored ﬁeld is full-view covered), and to
show the cost-eﬀectiveness of the barrier coverage. More results can be found in
[69]. Only results for strong barrier coverage are shown here, as the results for the
weak barrier coverage are similar in trends.
We have two scenarios here. In the ﬁrst scenario, the monitored ﬁeld is 200m in
width (along x-axis), 100m and 200m in length (y-axis) separately. The camera’s
parameters are r = 30m, θ = π/3, φ = 2π/3. Cameras are deployed randomly and
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Figure 4.11. Barrier coverage versus full area coverage.

uniformly in the deployed ﬁeld. To avoid the boundary eﬀect as we mentioned
before, the deployed ﬁeld is a larger area with both the length and the width 2r
longer than the monitored ﬁeld. Figure 4.11(a) shows how the coverage probability
varies as the number of deployed sensor increases. To estimate the probability, we
run each experiment at least 500 times and the probability is obtained by dividing
the number of times when the desired coverage is achieved by the total number
of tests under each conﬁguration. As Figure 4.11(a) shows, the probability of the
existence of a camera barrier (denoted as “barrier”) is almost 1 when the number
of cameras deployed is beyond 1200 if the ﬁeld length is 100. On the other hand, at
least 2500 cameras are needed for full coverage (denoted as “full”). The diﬀerence
is even bigger if the ﬁeld length is 200, where barrier coverage demands no more
than 1700 cameras but full coverage demands more than 4000 cameras.
In the second scenario, the camera’s parameters and the width of the monitored
ﬁeld are ﬁxed as in the above. We change the length of the ﬁeld from 50m to 200m
and observe how many cameras are needed to achieve the desired coverage (barrier
and full) with at least 0.99 probability. Note that in a random deployment given
the same number of deployed cameras, as the ﬁeld length increases the camera
density will drop. As a result, to achieve the same high probability of coverage (in
both full and barrier coverage), more cameras should be deployed. As shown in
Figure 4.11(b), the number of cameras required for barrier coverage is much less
than that in full coverage. As the ﬁeld length increases, the number of cameras
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Figure 4.12. (a) Multiple cameras are bundled together to form one super camera with
larger FoV; (b) A Deployment Pattern for Camera Barrier Coverage: the black dots on
the barrier denote regular cameras; the grey area denotes the FoV of the super cameras.

required for full coverage increases much faster than that for barrier coverage.
This result is consistent with our expectation: given the ﬁeld width unchanged,
to achieve full coverage, the area to be full-view covered increases linearly as the
ﬁeld length increases, and so does the number of cameras needed; however since
the barrier is across the width of the ﬁeld, which is unchanged during the test, the
number of cameras needed does not increase that fast, and the cost-eﬀectiveness
of barrier coverage is obvious.

4.3.6

Strong Camera Barrier Coverage in Deterministic
Deployment

In this section, we give a deterministic deployment pattern for camera barrier
coverage. Our goal is to deploy a set of cameras to the monitored ﬁeld such that
each point of a given barrier (line) is full-view covered and the number of cameras
used is as few as possible. We ﬁrst describe the deployment pattern we use and
then analyze the number of cameras used under various camera parameters, and
ﬁnally we optimize the number of cameras used in our deployment.
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Description of Deployment Pattern We ﬁrst place cameras one by one along
the barrier with each one facing to the right, i.e., the camera’s orientation vector
fi parallel to the barrier and pointing to the right. The distance between every
two adjacent cameras is r. Similarly, a second set of cameras are placed one by
one on the barrier with each one facing to the left (Figure 4.12(b)).
Then we place another set of cameras along a line above the barrier, with
distance h to it, where h is a parameter to be deﬁned later. On this line, any two
adjacent deployment spots are separated by distance δ (to be deﬁned later). At
each deployment spot, we place k (to be deﬁned later) cameras together and merge
their FoV to form a “super camera” node with FoV equals to kφ (Figure 4.12(a)).
Note that each super camera can be considered as one camera with larger FoV
and all other parameters the same as a regular camera. The orientation vector of
each super camera points down to the barrier. Symmetrically, we deploy another
set of super cameras along the line with distance h below the barrier. Each super
camera on this line points up to the barrier (Figure 4.12(b)).
Now we elaborate how to derive the above three parameters: h, k and δ.
Given the camera’s parameters (r, φ, θ), we have some ﬂexibility on choosing one
parameter from (h, k, δ), and the choice of the other two depends on the other
one. We give the relationship among them in the following lemma.
Lemma 12. Given 0 ≤ h ≤ r, in order to guarantee that every point of the barrier
is full-view covered, the minimum value for k is k ≥ 2 arccos( hr ) and the maximum
√
value for δ is δ ≤ min{δ1 , δ2 }, where δ1 = r2 − h2 − tanh2θ and δ2 = 2h tan θ; and
r
further more, h should be smaller than h0 = √
.
2
1+1/(tan 2θ)

⃗ We
Proof. Consider an arbitrary point P on the barrier with facing direction d.
prove that if k and δ are as above, there is always a sensor Si such that P is covered
−→
⃗−
by Si and α(d,
P Si ) ≤ θ.
We use the angle between d⃗ and the barrier, denoted as αd , to represent d⃗ (i.e.,
let d⃗ rotate until it is parallel to the barrier and pointing to the right; then the
⃗ Since the deployment is symmetrical
angle range crossed is used to indicate d).
with respect to the barrier, we only consider the case when 0 ≤ αd < π. First,
notice that we have placed two group of cameras on the barriers, with one group
pointing to the right and other pointing to the left. Thus if 0 ≤ αd ≤ θ or
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π − θ ≤ αd < π, there is always a sensor from the two group such that the above
⃗
condition is satisﬁed for d.
When θ < αd ≤ π − θ, there are two extreme cases to consider, which we
show in Figure 4.13. The ﬁrst case is that there is a super camera Si+1 such that
∥P Si+1 ∥ = r + ϵ, where ϵ is a positive number that can be arbitrarily small. Hence
P is just outside the coverage range of Si+1 . (Figure 4.13(a)). In this case, d⃗ is
−−−→
along the direction P Si+1 and we want to show that either there is a super camera
Si with distance less than r (as shown in the ﬁgure, Si is to the left of Si+1 such
−→
−−−→
⃗−
that α(d,
P Si ) ≤ θ), or the angle between d⃗ (i.e., P Si+1 ) and the barrier is no more
than θ. The second case is that the projection point of P on the deploying line
of the super cameras is at the mid-point (denoted as M ) of two adjacent super
−−→
cameras Si−1 and Si , and d⃗ is along the direction P M (Figure 4.13(b)). It is not
diﬃcult to see that if the full-view coverage condition holds for d⃗ in these two cases,
−−→
it also holds for other d⃗ between these two cases (e.g., if d⃗ is along P M ′ (Figure
4.13(b)), the full-view condition holds if ∠Si+1 P Si+2 ≤ ∠Si−1 P Si ≤ 2θ).
In the ﬁrst case, let B be a point at the right end of the barrier. We only need to
√
show that ∠Si P B ≤ 2θ. Notice that ∠Si P B = arctan hy , where y ≥ r2 − h2 − δ
√
(Figure 4.13(b)). Since δ ≤ δ1 = r2 − h2 − tanh2θ , as indicated in the assumption,
y≥

h
.
tan 2θ

Hence ∠Si P B ≤ 2θ.

In the second case, we only need to show that ∠M P Si ≤ θ. Notice that
δ
∠M P Si = arctan 2h
and δ ≤ δ2 = 2h tan θ, as indicated in the assumption. Hence

∠M P Si ≤ θ.
For the minimum value of k, the above argument holds only if for each super
camera, a point P on the barrier with distance r to it should be in the range of
the super camera (Figure 4.13(c)). Based on this and the assumption that the
super camera is with distance h to the barrier, we can obtain the minimum FoV
(denoted as Φ) needed for the super camera as Φ = 2 arccos hr . Hence the number
of cameras needed for each super camera node is k = ⌈ Φφ ⌉ = ⌈ 2 arccos(h/r)
⌉.
φ
Finally, the upper bound h0 is given by the constraint δ1 > 0. Therefore, the
theorem is proved.
.
Analysis on Number of Cameras Given the above dependence relationship of
k, δ on h, we optimize the choice of h such that the total number of cameras in
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Figure 4.13. Analysis of the relationship among the deployment parameters.

use is minimized.
There are two groups of cameras: the ﬁrst group consists of the regular cameras
deployed on the barrier and the second group consists of two sets of super cameras
deployed on the two lines with distance h to the barrier. Without loss of generality,
let us consider a unit length of the barrier and assume all the other parameters
are uniﬁed. The number of cameras used in the ﬁrst group is 2 · 1r , where r is
normalized to unit length. This is independent of the choice of h. The number
of cameras needed for the second group is N (h) = 2 · k 1δ , which depends on the
choice of h as indicated in last observation. In order to minimize the total number
of cameras, we need to minimize N (h). The following theorem gives the optimal
value on the density for the deployment pattern described above.
Theorem 8. Given 0 ≤ h ≤ h0 , where h0 is given in Lemma 12, the density of
cameras needed (i.e., number per unit of length) in the above deployment is
2 arccos(h1 /r)
⌉
2 ⌈
φ
ρ(r, θ, φ) = +
r
h1 tan θ

where h1 = √

r
.
1+(1/ tan 2θ+2 tan θ)2

Proof. The ﬁrst part of the expression is the number of cameras deployed on the
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Figure 4.14. Cameras needed for constructing a 100m barrier.

barrier, which does not depend on the choice of h. To see the second part, we
minimize N (h) with respect to 0 ≤ h ≤ h0 . From Lemma 12, we have
N (h) =
where δ1 (h) =

√
r 2 − h2 −

2⌈2 arccos(h/r)/φ⌉
,
min{δ1 (h), δ2 (h)}

h
tan(2θ)

and δ2 (h) = 2h tan θ. As h increases, δ1 (h)

decreases and δ2 (h) increases. When h = h1 as indicated in the lemma, δ1 (h) =
δ2 (h).
When h ∈ (0, h1 ), N (h) =

2⌈2 arccos(h/r)/φ⌉
.
δ2 (h)

As arccos(h/r) is a decreasing

function of h, the minimum value is obtained when h → h1 . When h ∈ (h1 , h0 ),
N (h) =

2⌈2 arccos(h/r)/φ⌉
.
δ1 (h)

By calculating the derivative of N (h), we know N (h) is an

increasing function of h within this interval. Thus the minimum value is obtained
when h → h1 .
.
Figure 4.14 is an illustration of the above result. It shows how many cameras
are needed to construct a camera barrier with length of 100m when θ is from
to

π
3

and r = 20m, 40m and φ = π3 , π2 respectively.

π
12

Chapter

5

Minimizing Service Delay in
Directional Sensor Networks
In this chapter, we study the problem of service delay minimization in directional
sensor networks is deﬁned. Algorithms to solve the problem are described and
analyzed. Note that at this stage, we study the problem in the traditional sense
of coverage, i.e., a target is said to be covered if it is in the sensing range of the
sensor. One advantage is that the results shown here can be applied to many other
ﬁelds.

5.1

Background

Camera sensor is one speciﬁc kind of directional sensor. There are also many
other applications for direction sensor networks, e.g., radar networks for weather
monitoring [70], sonar network for underwater object detection [71], etc. Compared
to a conventional omni-directional sensor, a directional sensor has limited sensing
angle and the sensing range is represented by a sector [47, 9, 48], rather than a
disk.
As we mentioned in the introduction, in practice sensors may not be able to
simultaneously cover all the targets due to failure or mission changes. Instead, they
can steer and cover them periodically. As a result, the delay to cover the target
point aﬀects the quality of service. For example, suppose a surveillance camera
monitors two target points P1 and P2 on two diﬀerent directions alternatively, i.e.,
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Figure 5.1. A example of a directional sensor network. There are several diﬀerent
schedules: Schedule 1: S1 → {P1 , P2 , P3 }, S2 → {P4 , P5 }, S3 → {P6 }; Schedule 2: S1 →
{P2 , P3 }, S2 → {P4 , P5 }, S3 → {P1 , P6 }; Schedule 3: S1 → {P1 , P2 }, S2 → {P3 , P4 }, S3 →
{P5 , P6 }.

at even time slots t = 0, 2, 4, . . ., it monitors P1 ; at odd time slots t = 1, 3, 5, . . .,
it monitors P2 . Then, there is one time slot delay between any two sequential
services on each target. This delay, referred to as the service delay, determines
how fast an interested event can be detected at a target point.
One important problem is how to serve all target points with minimum service
delay given a ﬁxed sensor deployment. A naive solution is to let each sensor steer
and serve every target around it one by one. However, the service delay of this
approach would be too long. Since there is some overlap between sensors’ range,
a target may be served by multiple sensors. As a result, a sensor does not have to
serve all the targets around it, and hence it can reduce the service delay. However,
it is a challenge to ﬁnd the optimal set of targets to serve for each sensor such that
all targets can be served and the longest service delay is minimized. Moreover,
sensors should make the scheduling decision locally without global information.
Consider the example shown in Figure 5.1, where the sensing area of each sensor
is divided into 4 sectors. One way to schedule the sensors (Schedule 1) is to let
sensor S1 serve target points P1 , P2 and P3 , S2 serve P4 and P5 , and S3 serve P6 .
Assume each sector has a service delay of 1. With this schedule, the maximum
service delay is 2, which happens on S1 since it serves three sectors covering P1 ,
P2 and P3 . However, in an optimal schedule (Schedule 2 and 3 in Figure 5.1), each
sensor serves 2 sectors. Then the maximum service delay is only 1. As can be
seen, the service delay of a sensor is one less than the number of sectors it serves.
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Therefore, in order to minimize the service delay, we should minimize the number
of sectors that a sensor should serve.
In the aforementioned schedule, we assume that the total service delay only
depends on the number of sectors served by each sensor. This is true if the rotation
delay is negligible compared with the total delay, which is a common assumption
used in other works (e.g. [9]). However, slowly moving devices such as radar always
take non-negligible time to steer from one sector to another. Then, the total service
delay also depends on the rotation delay from one sector to another. As a result,
the number of served sectors and the distribution of these sectors both aﬀect the
service delay. As an illustration, we compare the two schedules, Schedule 2 and
3, shown in Figure 5.1. In both cases, each sensor serves two sectors. Schedule 2
requires the sensors to move across 2 sectors (i.e., from the sector of P2 to that of
P3 ), while Schedule 3 only requires them to cross 1 sector and thus it has shorter
rotation delay. Since both schedules have the same number of selected sectors,
Schedule 3 is preferred.
The above example shows that diﬀerent schedules may result in diﬀerent service delay. Although the optimal solution for this example can be easily found, in
a complex network setting where many sensors are arbitrarily deployed, we need
a systematic way to address the problem. In the following sections, we ﬁrst rigorously deﬁne the service delay minimization problem for directional sensor networks,
which is shown to be NP-complete. Then we propose a centralized protocol as well
as a distributed protocol. The performance of the centralized protocol is proved
to be bounded no more than a factor from the optimal solution. It can also be
proved that the scheduling results of the distributed protocol is exactly the same
as of the centralized one. Finally, we extend the problem model by considering the
rotation delay. We prove that the problem is NP-complete and then propose an
eﬃcient heuristic based solution.

5.2

Service Delay Minimization Problem

In this section, we formally deﬁne the service delay minimization problem (SDMP)
and prove that it is NP-hard.
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Figure 5.2. An example of 3 sensors and 8 targets; each sensor has 4 sectors. In this
example, S1,1 = ∅, S1,2 = ∅, S1,3 = {P2 , P8 } and S1,4 = {P5 , P6 }; S2,1 = {P2 , P8 },
S2,2 = {P1 }, S2,3 = ∅ and S2,4 = {P3 , P4 , P7 }; S3,1 = {P5 , P6 }, S3,2 = {P2 , P3 , P4 },
S3,3 = {P7 } and S1,4 = ∅

5.2.1

Problem Statement

Given m target points1 {P1 , . . . , Pm } and n directional sensors {S1 , . . . , Sn }, each
sensor is associated with a sensing radius r and a sensing angle a. The sensing area
(with radius r) around a sensor is partitioned into w sectors, where w = 360/a.
We number the w sectors in counterclockwise order and let the ﬁrst one start
from the X(positive)-axis (Figure 5.2). Let Si,j denote the j-th sector of the i-th
sensor. Without ambiguity we also let Si,j denote the targets that can be served
by sector Si,j . For example in Figure 5.2, S1 has four sectors: S1,1 = ∅, S1,2 = ∅,
S1,3 = {P2 , P8 } and S1,4 = {P5 , P6 }. We assume that the time is divided into slots
and a sensor can only serve one sector in one time slot. Table I summarizes the
notations used throughout the thesis. We formulate the service delay minimization
problem as follows.
Definition 6 (SDMP). Suppose the rotation delay is 0. Given m targets and
n sensors, each of which has w sectors, SDMP asks for a selection of at most W
sectors for each sensor such that every target point is served by at least one selected
sector and W is minimized.
1

We may use “targets” for short.
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Table 5.1. NOTATIONS

n
m
a
w
r
Si
Si,j
Pk
ds
dr

5.2.2

Total number of sensors
Total number of target points
The angle of a sensing sector
Number of sectors per sensor; w = 360/a
The radius of sensing sector
The i-th sensor
The j-th sector of i-th sensor
The k-th target point
Time duration to serve a sector (see Section 5.5)
Time duration to cross a sector (see Section 5.5)

NP-completeness of SDMP

SDMP can be proved NP-hard via a reduction from the DCS (Directional Cover
Set) problem, which has been proved NP-hard in [9].
Theorem 9. The service delay minimization problem (SDMP) is NP-complete.
Proof. The DCS problem is a special case of SDMP when we ask for a selection
in which each sensor can select at most 1 sector and all the target points can be
served. On the other hand, it is not diﬃcult to see that given a schedule, we can
verify in polynomial time if the total number of selected sectors of each sensor is
below a given threshold and if every target point is served by the selected sectors.
Therefore, SDMP is NP-complete.

5.3

A Centralized Protocol for SDMP

Since SDMP is NP-complete, we can only propose heuristic based solution. In this
section, we present the details of a centralized protocol and give the approximation
bound. The detailed proof of the approximation bound will be given in the ﬁnal
thesis.

5.3.1

Protocol Description

The protocol runs round by round and gradually selects the sectors for each sensor
to serve. In each round, it selects at most one new sector for each sensor such
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that the number of new targets served by the selected sectors is maximized. The
protocol stops when all targets are served by the selected sectors. The pseudo code
of the protocol is omitted here and will be given in the ﬁnal thesis.
Initially, as some targets can only be uniquely served by some speciﬁc sectors,
they are selected ﬁrst. Then the number of selected sectors for each sensor is
counted and recorded. After that, the selection rounds begin. A sensor who has
already selected wi sectors in the initial step are not allowed to select any new
sector in the ﬁrst wi rounds.
In each round those sensors that are eligible to choose can select at most one
new sector for each of them. Ideally, we should make the selection such that the
number of new targets being served in each round is maximized and thus the total
number of selected sectors can be minimized. However, this is diﬃcult due to the
following observation.
Observation: Given an universal set P = {P1 , . . . , Pm } and n supersets
S1 , . . . , Sn , where Si is a collection of some subsets {Si,1 , . . . , Si,w } of P , the problem
of selecting at most one Si,j from each Si such that the total number of elements
covered by them is maximized is NP-hard.
A proof can be found in [72]. Since it is NP-hard, we propose a greedy solution.
Consider all sensors that can select in this round, we ﬁrst ﬁnd one that can serve
the most number of new targets, and add the corresponding sectors into selection.
Then this sensor is removed from our consideration and the remaining sensors are
searched for the next best sector. This process continues until all sensors have
been considered. If there are still some targets not served, a new round is started.
The protocol stops when all targets are served.
Some optimization can be made to further improve the eﬃciency. We can group
targets together as one unit if they can be served by the same set of sectors. For
example in Figure 5.2, targets P3 and P4 are grouped as one unit. Similarly, P5 and
P6 are grouped as one. Then during the selection process, the contribution of each
new sector is calculated based on how many new units it can serve. We expect that
on average the number of units is less than the number of targets, which can help
improve the performance (see next section for the reason). Another optimization
is that when the protocol stops, we go through all the selected sectors and remove
the sectors within which all targets can be served by other selected sectors.
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We use the example in Figure 5.2 to show how the protocol works. Initially,
since P1 can only be served by sector S2,2 , S2,2 is selected ﬁrst. Then the ﬁrst round
begins. Because S2 has already selected one sector, it can not participate in the
ﬁrst selection round. Among the others, since S3,2 contains the highest number (3)
of new targets (P2 , P3 , P4 ), it is selected for S3 . Then we can consider S1 , which
can select S1,4 containing 2 new targets (P5 , P6 ), and the ﬁrst round ends. Since
there are still targets not served, we start the second round. Now all sensors are
eligible to select. We select the one that serves the most number of new targets:
either S2,4 or S3,3 , which can serve P7 . Then, we select S1,3 for P8 . Now all targets
are served. Since each sensor serves at most 2 sectors, the worst case service delay
is 1.

5.3.2

Approximation Bound

The maximum number of sectors selected for any sensor is upper bounded by a
logarithm factor of the optimal value.
Theorem 10 (Approximation Bound for SDMP). In the centralized protocol, the
number of sectors each sensor serves is upper bounded by α ln m · Wopt , where
α ≈ 2.31, m is the number of targets, and Wopt is maximum number of sectors
selected for a sensor in the optimal solution.
Proof. We can number the targets in the order of being ﬁrst covered by some sector.
Let W (k) be the round number when target Pk is ﬁrst covered and CW (k) = {ej :
W (j) = W (k)}, i.e., the targets covered in round W (k) but not covered before
that. Let’s deﬁne the price of target Pk as price(Pk ) = 1/|CW (k) |.
We assume Wopt is the optimal value achieved by the optimal solution. Then
we claim that, for some constant α
price(Pk ) =

1
|CW (k) |

≤

α
· Wopt .
m−k+1

If this is true, the total number of rounds is
m
∑
k=1

price(Pk ) ≤

m
∑
k=1

α
· Wopt ≤ α ln mWopt .
m−k+1

(5.1)
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which will demonstrate the correctness of the theorem.
Now we prove the claim is correct. Suppose the (k − 1)-th round is just ﬁnished
and the k-th round is about to start, which means that each sensor has selected at
most k − 1 sectors. Let M AXk be the maximum number of new targets that can
be covered in the k-th round, no matter what selection scheme is used. We ﬁrst
show that
M AXk ≥

m−

∑k−1
j=1

|Cj |

Wopt

.

In fact, after the ﬁrst k −1 rounds, there are still m−
Consider the optimal solution. Let

RkOP T (i)

(5.2)
∑k−1
j=1

|Cj | leftover targets.

be the set of sectors of sensor Si in

the optimal solution which are not used by our algorithm before the k-th round.
∪
Obviously, |RkOP T (i)| ≤ Wopt and ni=1 RkOP T (i) covers all the leftover targets.
To estimate a lower bound of M AXk , consider the following process. First we
select at most one sector from each RkOP T (i), 1 ≤ i ≤ n, such that the union of
these sectors can cover the most number of new targets. Denote this number by
n1 . Then we remove these targets from the leftover and also remove the selected
sectors from each RkOP T (i). We repeat the above process to select at most one
sector from each RkOP T (i), 1 ≤ i ≤ n, such that the union of them covers the
most number of new targets. Denote this number by n2 . Suppose this process has
repeated t times until all leftover targets are covered.
In the above process, we can see n1 ≤ n2 ≤ . . . ≤ nt , and n1 + n2 + . . . + nt =
∑
m − k−1
j=1 |Cj |, and also t ≤ Wopt . So
n1 ≥

m−

∑k−1
j=1

t

|Cj |

≥

m−

∑k−1
j=1

Wopt

|Cj |

.

Since we can choose among all unused sectors, including those in RkOP T (i), it
is not diﬃcult to see that M AXk ≥ n1 . Thus (5.2) is proved.
Now we will show that the actual number of new targets served by our protocol
in round k is no less than a constant portion of M AXk . We can number the sectors
selected in round k and the corresponding sensors in the order of being selected
by our algorithm, i.e., the i-th selected sector is from Si . Denote benef iti as
the number of new targets covered by the i-th selected sector. To set up the
comparison, let OP Tk = {S1,j1 , S2,j2 , . . . , Sn,jn } be a selection of sectors that can
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yield M AXk new targets to be served, where Si,ji is the ji -th sector of sensor Si .
Let benef iti be the number of new targets served by Si,ji . Since we always choose
the sector that can serve the most number of new targets, we have
benef it1 ≥

M AXk
.
n

(5.3)

We will show that for i = 1, . . . , n − 1,
benef iti+1 ≥

M AXk − 2

∑i
r=1

benef itr

n

.

(5.4)

To see this, consider the situation when we are about to select the (i + 1)th sector. There are n − i sectors in OP Tk which can be used by us, namely
{Si+1,ji+1 , . . . , Sn,jn }. The total number of new targets served by them is at least
max{0, M AXk − 2

i
∑

benef itr }.

(5.5)

r=1

The reason is as follows. The joint beneﬁt of OP Tk is M AXk −

∑i
r=1

benef itr .

Consider any sector Sr,jr of the ﬁrst i sectors in OP Tk . If it is also used by our
algorithm, their beneﬁt is 0 at present. If it is not selected, its current beneﬁt does
not exceed benef itr , as if it does, it would be chosen in step r. So by subtracting
the beneﬁt of these sectors, we lower bound the joint beneﬁt of the leftover sectors
in OP Tk by (5.5). Finally, as we always choose the sector with the maximum
beneﬁt among the leftover, we have
benef iti+1

∑
max{0, M AXk − 2 ir=1 benef itr }
≥
.
n−i

This is true for all i = 1, . . . , n − 1, which yields (5.4). Based on (5.3) and (5.4),
we have for i = 1, . . . , n,
i
∑
r=1

benef itr ≥ [1 − (1 −

2 i 1
) ] · M AXk ,
n
2

In fact, this can be proved by induction on i (omitted here). To lower bound the
number of new targets served in round k, simply let i = n. Since [1 − (1 − n2 )n ]/2 ≥
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(1 − e2 )/2 ≈ 0.43 and let this number be 1/α , we have
|Ck | =

n
∑

benef itr ≥

r=1

M AXk
,
α

with α ≈ 2.31. Combine this and (5.2), we have
price(Pk ) ≤

αWopt
αWopt
α
≤
≤
∑w(k)−1
M AXw(k)
m−k+1
m − j=1 |Cj |

The last “≤” is because

∑w(k)−1
j=1

|Cj | ≤ k. Therefore (5.1) is proved and the

whole proof is done.

5.4

A Distributed Protocol for SDMP

In this section, we propose a distributed protocol for SDMP. It can also be proved
that the distributed protocol can achieve the same selection result as the centralized
protocol.

5.4.1

Protocol Description

The protocol runs at each sensor node, which is supposed to know the distribution
of the targets within its sensing range. Two sensors can communicate with each
other if there is a target that can be served by both of them. For each sensor, the
protocol converges if all the targets around it are served. The pseudo code of the
protocol is omitted here and will be given in the ﬁnal thesis.
During initialization, each sensor ﬁnds targets that can only be covered by itself
(e.g, by ﬁrst asking all its neighbors for the target sets that they can cover and
subtracting from its own set). Then the sectors needed to cover those targets are
selected. After this, the sensor sends out message to its neighbors regarding how
many sectors it has selected and how many new targets it can cover.
After initialization, each sensor begins to exchange information with its neighbors and selects sectors to serve. A sensor needs the following information to make
a decision: (1) how many sectors has each neighbor selected (dj ); and (2) how
many new targets can be served by each neighbor (benef itj ). Note that a sensor

70
may have many unused sectors. The sector which can cover the most number of
new targets is most likely to be selected next. The number of targets served by
that sector is deﬁned as the beneﬁt of that sensor. This information is needed for
a sensor to locally decide whether it can select a new sector. Speciﬁcally, a sensor
can add a new sector if: (1) all of its neighbors have already selected at least the
same number of sectors except for those who already stop selecting (sensors stop
selecting if all the targets within its range are served); and (2) its beneﬁt is greater
than the beneﬁt of those neighbors who have selected the same number of sectors.
Ties are broken by giving preference to sensors with small sequence number. If a
sensor decides to select a new sector, it immediately sends out a message to tell
its neighbors about this decision. A sensor also sends out a message if its current
beneﬁt changes (possibly because some of the targets around it have been served
by a newly selected sector of its neighbors).
We do not require any synchronization in the message exchanging process.
Message from diﬀerent sender may experience diﬀerent delay. It is only required
that messages sent from one sensor should be received in the original order. Surprisingly, we are able to prove that the distributed protocol can achieve the same
selection as the centralized protocol.
Theorem 11. Given the same sensor deployment and target distribution, the distributed protocol yields the same selection result as the centralized protocol, i.e., for
any sensor Si , a sector Si,j is selected by the distributed protocol if and only if it
is selected by the centralized protocol.
Proof. We use DP to stand for the distributed protocol and CP for the centralized
protocol. The beneﬁt of Si (denoted as benef iti ) is deﬁned as the maximum
number of new targets that can be served by a new sector of Si . For i = 1, . . . , n,
Ni denotes the neighbors of Si . In DP, we say a sensor Si “has selected a new
sector” only if it has sent out the decision message and the message has been
received by at least one of Si ’s neighbor. Without loss of generality, we assume Si
updates di and benef iti right after it has selected a new sector. A sensor is said
to be in W level if it has selected exactly W sectors. Due to space limitation, we
only give the sketch of the proof.
For each Si , we re-order its sectors in the sequence as they are selected in DP;
i.e., Si selects Si,1 ﬁrst, and then Si,2 and so on. Denote SectorW = {Si,W : i =
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1, . . . , n}, i.e., the set of W -th sectors that are selected in DP. Then the theorem
is equivalent to the following claim.
Claim: SectorW is exactly the set of sectors that are selected by CP in round
W.
We prove it by induction on W . Suppose it is true for Sector1 , . . . , SectorW .
Let us consider SectorW +1 . Suppose Si1 ,j1 ∈ SectorW +1 and Si1 is the ﬁrst to select
the (W + 1)-th sector in DP. This means at that time all of Si1 ’s neighbors are in
W -level and all the other sensors are in W or lower level. So for Si ∈ Ni1 :
benef iti1 ≥ benef iti , “ = ” only if i1 < i,

(5.6)

where benef iti1 and benef iti are, respectively, the beneﬁt of Si1 and Si when Si1
selects the (W + 1)-th sector in DP.
Now we can show that Si1 will select a sector earlier than its neighbors in the
(W + 1)-th round of CP. If this is not true, we can always ﬁnd some Si0 ∈ Ni1
which makes selection the earliest among all Si1 ’s neighbors in round W + 1 in CP.
Then this implies
benef it′i0 ≥ benef it′i1 , “ = ” only if i0 < i1 .

(5.7)

where benef it′i0 and benef it′i1 are, respectively, the beneﬁt of Si0 and Si1 when Si0
selects its (W + 1)-th sector in CP.
Then based on the induction assumption and the fact that the beneﬁt of a
sensor can not increase as the selection proceeds, we can show
benef iti0 ≥ benef it′i0 , and benef iti1 = benef it′i1 .

(5.8)

Thus we have a contradiction to (5.6) by combining (5.7) and (5.8) together. Then
we know that when Si1 selects a new sector in CP, its beneﬁt is just benef iti1 , and
the most beneﬁcial sector is just Si1 ,j1 .
We can further prove by induction within round W + 1 that all the other
sectors in SectorW +1 are also selected by CP. To see this, consider the sectors in
SectorW +1 in the order as they are selected in DP: Si1 ,j1 , . . . , Sin ,jn . We assume
Si1 ,j1 , . . . , Sik ,jk (k < n) are known to be selected by CP in round W + 1, and for
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sensors Si1 , . . . , Sik , any neighbors of them can not select the (W + 1)-th sector
before they select in round W + 1 of CP.
Then consider Sik+1 , which is the (k +1)-th sensor that has selected its (W +1)th sector in DP. This implies ∀Si0 ∈ Nik+1 and Si0 ∈
/ {Si1 , . . . , Sik }, Sik+1 selects
its (W + 1)-th sector before Si0 does in DP. So,
benef itik+1 ≥ benef iti0 , “ = ” only if ik+1 < i0 ,

(5.9)

where benef itik+1 and benef iti0 are, respectively, the beneﬁt of Sik+1 and Si0 when
Sik+1 selects its (W + 1)-th sector in DP.
Now suppose Si0 is the earliest to select among all Sik+1 ’s neighbors that are
not in {Si1 , . . . , Sik } and it does so earlier than Sik+1 in round (W + 1) in CP. This
implies:
benef it′i0 ≥ benef it′ik+1 , “ = ” only if i0 < ik+1 ,

(5.10)

where benef iti0 ’ and benef it′ik+1 are, respectively, the beneﬁt of Si0 and Sik+1 when
Si0 is about to select its (W + 1)-th sector in CP.
Then similarly we can show that
benef iti0 ≥ benef it′i0 , and benef it′ik+1 ≥ benef itik+1 .

(5.11)

Thus we have a contradiction to (5.9) by combining (5.10) and (5.11) together.
Then we know that none of Sik+1 ’s neighbors that are not in {Si1 , . . . , Sik } can select
a new sector before Sik+1 in the (W + 1)-th round of CP. Since those neighbors in
{Si1 , . . . , Sik } are known to select earlier than Sik+1 in CP, which is the induction
assumption, benef itik+1 is just the beneﬁt when Sik+1 selects in CP, and the most
beneﬁcial sector is just Sik+1 ,jk+1 .
Then we know that all sectors in Sector(W + 1) is also selected by CP in round
W + 1. By the fact that one sensor can select exactly one sector in each round, we
know SectorW +1 is exactly the subset of sectors selected in round W + 1 in CP.
Therefore, our claim is correct and the proof is complete.
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5.5

SDMP with Rotation Delay

In the SDMP problem, the total service delay only depends on the number of sectors served by each sensor. This is true if the rotation delay is negligible compared
with the service delay. However, some slow moving devices such as radar may take
non-negligible time to steer from one sector to another. In this section, we extend
our previous optimization model by considering rotation delay.

5.5.1

Problem Statement

Let ds denote the time needed for the sensor to serve a sector and dr denote the
time needed to rotate across a sector. For example if a sensor S1 currently stays in
sector S1,1 and wants to serve S1,3 which is 2 sectors away (Figure 5.3(a)), it will
ﬁrst take 2dr time to reach that sector and then ds time to ﬁnish the service.
For a speciﬁc target, the service delay is the length of the time period between
any two sequential services by a sensor, including all the rotation time and service
time. The longest service delay among all the targets is deﬁned as the worst case
service delay of the network. Now we can deﬁne the problem to be considered.
Definition 7 (SDMP-R). Given the above assumptions, the service delay minimization problem with rotation delay asks for a selection of sectors for each sensor
such that each target point can be served by at least one selected sectors and the
longest time for any sensor to traverse and serve all its selected sectors and then
return back to a start position is minimized.
Based on the NP-completeness of SDMP, we can show that:
Theorem 12. The service delay minimization problem with rotation delay (SDMPR) is NP-complete.
Proof. In fact, SDMP is a special case of SDMP-R if we let dr = 0 and ds = 1.
From NP-completeness of SDMP proved above, SDMP-R is NP-hard. On the other
hand, given a schedule we can verify if every target is served within the given delay
bound in polynomial time. Therefore SDMP-R is NP-complete.

74

5.5.2

A Centralized Protocol for SDMP-R

The protocol has similar idea as the centralized protocol for SDMP. It also works
round by round. Each round is associated with a parameter called global delay
bound (W ). In each round, every sensor can select new sectors as long as its total
delay stays below W . The sectors with greatest beneﬁt are selected ﬁrst. The
current round ends when no more sector can be selected given the current W . If
there are still targets not served, a new round will be started with a new W . The
pseudo code of the protocol is omitted here and will be given in the ﬁnal thesis.
Initially, as some targets can only be uniquely served by some speciﬁc sectors,
those sectors are selected ﬁrst. Given these selected sectors, the total delay of
each sensor to serve them (Delayi ) is calculated. There are two cases to consider
(e.g., in Figure 5.3 the greyed sectors are selected). First, if all the selected sectors
lie within a “half circle”, then the best way to serve them is to move forth and
back between the two end sectors (S1,1 and S1,5 in Figure 5.3(a)). In this case,
the total rotation time equals to the total number of sectors between the two end
positions multiplied by 2dr . Second, if the “distance” between any two adjacent
selected sectors is smaller than half circle, the best way to serve them is just
rotating around the full circle (Figure 5.3(b)). In this case, the total rotation time
equals to the total number of sectors (w) multiplied by dr . The other part of the
total delay is the time spent on serving the sectors, which equals to the number
of selected sectors (3 in Figure 5.3) multiplied by ds . Then we combine these two
parts together and get the total delay. Note that the total delay for each sensor will
be dynamically changed if new sectors are selected during the following selection.
After initialization, if all targets are served, the protocol will stop. Otherwise,
the selection rounds begin with W equal to the maximum total delay of all sensors.
At the beginning of each round, all sensors are considered eligible to select.
We greedily select new sectors for eligible sensors; i.e., we ﬁnd a sector such that:
(1) it contains the most number of new targets; (2) selecting this sector will not
cause the total delay (calculated as above) of that sensor to be greater than W .
This process continues until no more sectors can be selected without violating the
second rule. Then if there are still targets not served, we increase W and start a
new round.
A large increasing step of W may result in more sectors being selected in the
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S1,3

S1,4

S1,5
S1,1

S1,1

S1,8

Figure 5.3. Two cases on calculation of service delay (greyed sectors are selected).

next round, which is beneﬁcial for fast convergence of the protocol. However,
we may also select more unnecessary sectors. Increasing W by 1 is the most
conservative way, but this will cause the total number of rounds to be Θ(dr + ds ),
which means the running time of the protocol is not polynomial of the input length.
In fact, we will ensure that at least one new sector can be selected in each round.
Thus our method is to let each sensor propose a new value of W such that the
sensor is able to select a new sector. Then the proposed values are compared and
the minimum one is used as the new value for W . Finally, the protocol stops when
all targets are served.

5.5.3

Discussion on Distributed Implementation

We sketch the idea of a distributed implementation of the protocol for SDMP-R.
The protocol is similar to the distributed protocol for SDMP. Sensors exchange
information about the current delay and the beneﬁt with the neighbors. Based on
this, a sensor can decide to select a new sector if its current delay is smaller than
its neighbors’ and selecting a new sector would not cause the current delay to be
larger than the maximum of its neighbors’. Also, the sensor needs to check if its
beneﬁt is greater than those neighbors who have the same current delay. Some
subtle issues should be further investigated. For example, how does the sensor
locally increase the current delay bound (W ) when no progress can be made? This
is obvious if we have a global coordinator. But in distributed protocol, a sensor
only knows the information from its neighbors. Some coordination policy must be
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speciﬁed.

5.6

Simulation Results

In this section, we evaluate the performance of the proposed protocols in various
scenarios.

5.6.1

Simulation Setup

In our simulation, there are 1000 targets (m = 1000) and the number of sensors
(n) varies from 50 to 300. All the targets and sensors are uniformly distributed
in a 400 × 400 area. The sensing radius of each sensor is 50 and each sensor’s
sensing area is partitioned into 16 sectors. For the evaluation of SDMP-R, per
sector service delay (ds ) and rotation delay (dr ) are ﬁxed to be 1. Each result
shown here is a statistical average of 50 experiments.
Since no existing protocols are designed for minimizing the service delay in
directional sensor networks, we compare our protocols (SDMP and SDMP-R) to
the following three protocols.
• Static: In the static protocol, the sensor does not steer around; i.e., it chooses
one sector and serves that sector continuously. To maximize the number
of served targets, each sensor selects one sector containing the maximum
number of targets.
• Random: In the random selection scheme, each target is assigned to a sector
randomly among all sectors that can serve it.
• Cycling: In this scheme, each sensor simply rotates and serves all the sectors
around it.

5.6.2

Comparison with the static scheme

In this section, we compare the performance of SDMP-R to the static scheme. The
static scheme is designed for scenarios where there are enough sensors to cover the
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Figure 5.5. Worst case delay for SDMP.

targets. When the number of sensors is not enough to cover all the targets, it may
not perform well, and we need our SDMP-R to steer the sensors dynamically.
The results are shown in Figure 5.4. We calculate the percentage of targets
that have a total service delay above each value (X-axle). Results for n = 50 and
n = 100 are included. From this ﬁgure, we can see that the static conﬁguration
only serves part of the targets with zero service delay (about 30% when n = 50
and 50% when n = 100). All the other targets are left with no service at all (with
inﬁnite delay). On the other hand, our protocol is able to serve much more targets
with graceful performance degradation. When n = 50, about 80% of the targets
are served with delay smaller than 26. When n = 100, about 90% of the targets
are served with delay smaller than 18. The delay drops as the number of sensors
increases. The scheduling protocol ﬁlls the gap between continuous service and no
service at all in the static conﬁguration.

5.6.3

The Performance of SDMP

We compare the worst case service delay of our protocol and the random selection for SDMP. The performance of the Cycling is also included as a comparison
baseline.
The results are shown in Figure 5.5. As can be seen, carefully selecting the
sectors for each sensor can greatly reduce the worst delay in every density conﬁguration. The delay in Random is twice as much as our protocol when n is 100,
and it is more than four times when n is larger than 200. Also, as the number of
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R.
and Random.

sensors increases, the worst case service delay of both Random and our protocol
drops. This is because as the density of sensor increases, the expected work load
for each sensor drops. However, the delay drops much faster in our protocol, which
further demonstrates the eﬀectiveness of the scheduling.

5.6.4

The Performance of SDMP-R

Finally, we show the performance of our protocol for SDMP-R. The worst case delay comparison is shown Figure 5.6, and we also include average delay comparison
results in Figure 5.7.
In both ﬁgures, our protocol has a lower delay than Random. As the number
of sensor increases, the worst case delay and average delay drop much faster in our
protocol. The worst case delay in random selection is 20% higher than ours when
n is 100, and it is almost twice as much as ours when n is 200. This diﬀerence
is even larger for the average delay. The average delay in Random is 50% higher
when n is 100, and it is almost ﬁve times of ours when n is 200. From these results,
we see that the proposed protocol for SDMP-R can eﬀectively reduce both worst
case and average case service delay.

Chapter

6

Application in Resource-aware
Crowdsourcing
In this chapter, we consider an application of our study called resource-aware
crowdsourcing, in which photos acquired from smartphone users are tagged with
geographical and geometrical data and used in services like disaster recovery.

6.1

Background

Equipped with GPS, orientation sensors, mega-pixel cameras and advanced mobile operating systems, smartphones not only change the way people communicate
with each other, but also the way they interact with the world. The popularity of
online photo sharing services such as Flickr and Instagram indicates that people
are willing to take photos and share experiences with others. Thanks to the cost
eﬃciency, timeliness and pervasive nature of these data, numerous opportunities
have been created for applications based on photo crowdsourcing, such as grassroots journalism [19], photo tourism [20], and even disaster recovery and emergency
management [21].
Consider an example in post-earthquake recovery. First responders survey the
damage by taking pictures and then transfer them back to the remote command
and control center. As events occur in real time, photos need to be collected and
uploaded as quickly as possible. However, there are strict bandwidth constraints,
no matter it is based on mobile ad hoc networks, delay tolerant networks, or partly
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damaged cellular networks. Then, how to make use of the limited bandwidth to
get more useful photos becomes a challenge.
Another example can be found in our daily life. A map service provider can
enhance user experience by showing photos of interesting objects around the world,
e.g., landmarks, buildings like bell towers, skyscrapers, etc. Data can be obtained
from visitors taking photos via their smartphones. Once the photos are uploaded
and processed, other map users can have virtual tours. Due to many useful applications, people are sharing billions of photos taken by smartphones. Photos are
often geographically correlated and this correlation can be used to enrich traditional map experience. However, the sheer amount of photos poses big challenges
for image processing and storage. Fully understanding the semantic of each photo
by traditional resource intensive image recognition techniques would be a luxury
if not impossible. Therefore, how to eﬃciently identify the most relevant data and
eliminate redundancy becomes an important issue.
The major challenges faced by these applications are as follows. The ﬁrst is
how to characterize the quality (usefulness) of crowdsourced photos in a way that
is both meaningful and resource friendly. Most content-based image processing
techniques such as [22, 23, 24] may demand too much computation and communication resources at both the user and server ends. On the other hand, existing
solutions from description based techniques either categorize photos based on user
deﬁned tags, or prioritize them by the GPS location [25]. Obviously, tagging each
photo manually is not convenient and may discourage public participation. GPS
location itself may not be suﬃcient to reveal the real point of interest. Even at the
same location, smartphones facing diﬀerent directions will have diﬀerent views.
To address these issues, we propose a framework to quantify the quality of
crowdsourced photos based on easily accessible geographical and geometrical information, called metadata, including the orientation and position of the phone,
and the ﬁeld-of-view (FoV) of the camera. Intuitively, a good photo coverage
should have multiple views of the target and cover as many aspects as possible.
Speciﬁcally, given a set of targets and photos, we consider an aspect of a target
to be properly covered if it is within a proper range of a photo’s viewing direction
(similar as deﬁned in Section 3). Then we measure the quality of a photo by utility,
which indicates how many aspects are covered. The utility is calculated based on
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the metadata, which can be practically obtained via various embedded sensors in
most oﬀ-the-shelf smartphones. They are independent of the image content, and
hence the computation is very fast and resource friendly compared to traditional
content based approaches. Note that our approach is not meant to replace the role
played by image recognition algorithms, but to serve as an important complement.
With this new model, we address challenges brought by the bandwidth constraint, which is referred to as the Max-Utility problem. Bandwidth constraint
limits the number of photos that can be uploaded to the server. Given the metadata of the candidate photos, how to ﬁnd a given number of them such that the
total utility is maximized? Note that this is diﬀerent from traditional maximization problems on sensor coverage in which a target is covered as long as it is inside
the sensing range. Here photos taken at diﬀerent view points cover diﬀerent aspects of the target. The total utility depends on how many aspects can be covered
and how they are covered, which makes the problem unique and complicated. We
also consider online selection/optimization to address the real-time requirements
of critical applications.
Another challenge to be addressed is how to remove the redundancy and ﬁnd
the most representative photos. In general, the amount of candidate photos is
signiﬁcant and redundancy occurs if multiple photos are taken at similar locations
and from similar angles. The less number of photos are selected, the less amount
of bandwidth, storage and processing capability are needed. In the Min-Selection
problem, given the coverage requirements of the targets, we want to ﬁnd the minimum set of photos that can satisfy the requirements.
In this chapter, we propose SmartPhoto, a novel framework to evaluate and
optimize the selection of crowdsourced photos, based on the collected metadata
from the smartphones. We formulate the Max-Utility problem for bandwidth
constrained networks, and then extend it into an online optimization problem.
We also study the Min-Selection problem for redundancy reduction. Moreover,
we propose eﬃcient solutions, and ﬁnd the performance bounds in terms of approximation/competitive ratios for the proposed algorithms. We also implement
SmartPhoto in a testbed using Android based smartphones. We make use of multiple embedded sensors in oﬀ-the-shelf smartphones. Finally, the performance of
the proposed algorithms are evaluated through real implementations and extensive
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simulations.

6.2

Models and Notations

Consider a scenario in which a set of ﬁxed targets (e.g., buildings or any points of
interest) are to be monitored by a group of people/reporters using smartphones.
Events occur in real time and photos must be taken and transferred back to the
processing center as soon as possible. However, due to the limited bandwidth, only
a small number of photos can be transferred. For this reason, reporters ﬁrst transmit the metadata of the photos, which is extremely light weight compared to the
original image. After that, the server runs optimization algorithms to determine
what photos to be actually transferred and notiﬁes the reporters to transmit the
photos.
We ﬁrst describe the models used in SmartPhoto to characterize targets and
photos. Then the concept of utility is introduced. The idea is based on the
observation that a good photo should cover as many aspects of the targets as
possible. For an aspect to be properly covered, the target should be in a photo
whose viewing direction is not too far away from the direction that the aspect
points to. This is based on the same observation made in the original full-view
coverage model. The utility deﬁned here precisely indicates how many aspects of
the target are properly covered.

6.2.1

Targets and Photos

At the beginning of each event, the application server distributes the information
of the interested targets to the public users. The set of targets are denoted by
T = {T1 , . . . , Tm }. Ti also represents the location of the i-th target if there is no
ambiguity involved. An aspect of the target, denoted by ⃗v , is a vector that can be
represented by an angle in [0, 2π) with 0 degree indicating the one pointing to the
right (east on the map). For ease of presentation, this angle is denoted by arg(⃗v )
and is calculated by using arithmetic modulo 2π. For any angle α ∈ [0, 2π), vec(α)
represents the corresponding vector.
Given a set of photos: P = {P1 , . . . , Pn }, each photo Pj is stored locally and it
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Figure 6.1. Photo, target and utility.

can be registered to the server with a tuple (lj , rj , φj , d⃗j ), called the metadata of
the photo. Here lj is the location where the photo is taken. To simplify notations,
we also use Pj to represent the location if there is no ambiguity. rj and φj are two
internal parameters of the camera used to take the photo. rj is the eﬀective range
of the camera, and φj is the ﬁeld-of-view (FOV, represented in angle) of the camera
lens. d⃗j is the orientation of the camera when the photo is taken. Note that d⃗j is
the normal vector derived from the camera lens and vertical to the image plane.
It can be acquired by using various sensors embedded in the smartphone. Details
of obtaining these geographical information on the smartphone will be given later.
As shown in Figure 6.1(a), the metadata deﬁnes the eﬀective coverage range (a
sector) of the photo.

6.2.2

Photo Utility

For a target Ti and a photo Pj , Ti is said to be covered by Pj if Pj ’s range includes
−−→
Ti . An aspect ⃗v of Ti is covered if the angle between ⃗v and Ti Pj is smaller or equal
−−→
to a predeﬁned angle θ called eﬀective angle. Here Ti Pj is the viewing direction
of the camera towards the target when the photo is taken1 . Further, the utility of
a photo Pj can be deﬁned based on how many aspects of Ti are covered by this
photo.
Definition 8. [Utility] Given a target Ti and a photo Pj covering the target, the
utility of Pj on Ti , denoted by UPj (Ti ), is the portion of aspect that is covered by Pj ,
1

−−→
Intuitively, it should be from Pj to Ti , but Ti Pj is used for ease of calculation.
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i.e., UPj (Ti ) =

∫ 2π
0

1Pj (v)dv, where 1Pj (v) = 1 if ⃗v is covered by Pj , or 0 otherwise.

Accordingly, the utility of a set of photos P ′ = {Pj : 1 ≤ j ≤ k} regarding
target Ti is the total portion of aspect that is covered by the photos of P ′ , i.e.,
∫ 2π
UP ′ (Ti ) = 0 1P ′ (v)dv, where 1P ′ (v) = 1 if ⃗v is covered by any Pj from P ′ , or 0
otherwise.
Finally, the total utility of the photos regarding all targets T = {T1 , . . . , Tm } is
the sum of the utility regarding each target. It is normalized by dividing the total
∑
number of targets, i.e., UP ′ (T ) = m1 m
i=1 UP ′ (Ti ).
For example in Figure 6.1(b), for target Ti , its aspect v⃗1 is covered by photo
Pj but aspect v⃗2 is not. As a result, if there is only one photo covering the object,
the utility is two times the eﬀective angle θ (indicated by the grey area in Figure
6.1(b)). If there are multiple photos covering the same target, possible overlap
(darker area in Figure 6.1(c)) among photos’ coverage needs to be identiﬁed and
removed. In that case, the overlap can only be counted once towards the total
utility, which is reﬂected by grey area in Figure 6.1(c).

6.3

Max-Utility with Bandwidth Constraint

In this section, we study the Max-Utility problem and its extension to an online
optimization problem.

6.3.1

Problem Statement

In the scenario described in Section 6.2, the bandwidth constraint determines the
number of photos that can be selected. The problem to be solved is deﬁned as
follows.
Definition 9. [Max-Utility Problem] Given a set of m targets with known locations
T = {T1 , . . . , Tm } and n photos P = {P1 , . . . , Pn } with known metadata, also given
a predeﬁned positive integer B(≤ n), the problem asks for a selection of B photos
P ′ out of the n candidates, such that the total utility of the selected photos UP ′ (T )
is maximized.
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Figure 6.2. The conversion into a set system.

6.3.2

Conversion to Maximum Coverage

Although the problem is very diﬀerent from the general maximum coverage problem, with some help of geometrical techniques, it can be converted into an instance
(geometrical version) of the maximum weighted coverage problem. Let us consider
the following process.
Without loss of generalization, we ﬁrst consider a single target Ti and use
the coverage interval Ii = [0, 2π) to indicate its aspect to be covered. Let P =
{P1 , . . . , Pn } be the set of all photos covering Ti . Then for each Pj , if Ti is covered
by Pj , the coverage of Pj on Ti can be represented by a sub-interval of [0, 2π), i.e.,
−−→
−−→
Sj , [xj , yj ] = [arg(Ti Pj ) − θ, arg(Ti Pj ) + θ].

(6.1)

Note that the angles are always calculated by using arithmetic modulo 2π. Here
the two end points xj and yj are called dividing points. Now Ii is divided into
two parts: one is Sj and the other is Ii − Sj . If there are more photos by which
Ti is covered, there would be more dividing points. Clearly, the total number of
dividing points is no more than 2n as each photo can have at most two dividing

86
points and there are at most n such photos.
If there are multiple targets, then every target corresponds to a coverage interval
Ii = [0, 2π) and each Ii is divided into sub-intervals by the corresponding dividing
points. Let U = {e1 , . . . , ew } be a a universe set with each element representing
a sub-interval and w being the total number of them. The weight of the element
is the length of the sub-interval. Then for each photo Pj , a subset of U can be
generated based on what sub-intervals are covered by it. Let Sj denote this subset.
Now the Max-Utility problem is converted to the following problem:
Given a universe set U with (non-negative) weighted elements, a parameter B
and a collection of subsets S = {S1 , . . . , Sn }, how to ﬁnd B subsets such that the
total weight of the elements covered by the selected subsets is maximized?

6.3.3

Greedy Selection Algorithm

The general maximum coverage problem is proved to be NP-hard [73]. A greedy
algorithm can be used to ﬁnd a solution. It works as a multi-round selection
process. In each round, the weighted contribution (utility) of every unselected
photos is calculated. The photo with the most contribution to the total utility is
selected. If there are more than one photos with the most contribution, the one
with the lowest index is selected. Once a photo is selected, it will not be removed
from the selection. The elements (sub-intervals) covered by the selected photo will
be removed from future consideration. The selection process runs until B photos
have been selected or every aspect of all targets has been covered, whichever comes
ﬁrst.
It can be proved that the above algorithm yields a total utility no less than a
constant factor of the optimal value.
Theorem 13. Let Uopt be the optimal value of the total utility that can be achieved
by any B photos from P . Let Ugreedy be the total utility achieved by the greedy
selection algorithm. Then
Ugreedy ≥ [1 − (1 −

1 B
1
) ] · Uopt > (1 − )Uopt
B
e

Proof. The proof follows from Theorem 3.8 in [73].
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Figure 6.2 shows an example of one target and 10 photos. Suppose θ = 45, B =
3. Each photo’s position is shown in Figure 6.2(a). The arrows in Figure 6.2(b)
indicate photos’ viewing directions, and the number beside the arrow (e.g., 10
−−−→
beside T1 P10 ) indicates the angle of the viewing direction of the photo (e.g., P10 ),
which has been deﬁned in Section 6.2. Based on this, each photo’s coverage interval
is calculated and shown in Figure 6.2(c) according to Equation (6.1). Then target
T1 ’s coverage interval I1 = [0, 2π) is divided into sub-intervals by the endpoints of
all photos’ coverage intervals (Figure 6.2(d)). This is the universe set U which is
composed of weighted elements from e1 to e19 , and the weight of each element is
reﬂected by its length. Finally, each photo’s coverage interval is converted into a
subset Si of elements (Figure 6.2(e)).
We select 3 photos to maximize the total utility. Initially, each Si has a weight
of 2θ = 90, and hence S1 is selected due to the smallest index. Elements e11 , e12 ,
e13 , e14 are removed from U . Second, the weight of each of S3 , S4 , S5 , S9 and S10
is still 90, but for the others the weights become: S2 is 80; S6 is 50; S7 is 20 and S8
is 40. Obviously, S3 is selected. Then elements e3 , e4 , e5 , e6 , e7 are removed from
U . Finally, we consider the remaining subsets. The weights of S5 , S6 , S7 , S8 are
unchanged, but S2 drops to 45, S9 drops to 15 and S10 drops to 80. Therefore,
the last selected photo is S5 . The ﬁnal selection is S1 , S3 , S5 , corresponding to
P1 , P3 , P5 , and the total achieved utility is 270.

6.4

Online Max-Utility Problem

In applications like crisis management, as events occur in real time, crowdsourced
photos need to be uploaded and processed in a timely manner. Due to the urgency,
the server should not wait for the metadata of all photos to come in before it begins
the selection. Instead, it should start selecting photos from the beginning based
on the metadata of any available photos, and then gradually improve the photo
coverage by continuously and periodically selecting more when new photos are
available.
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6.4.1

Problem Statement

When events occur in real time, users continuously take photos and send the
metadata back to the central server. Then time can be divided into transmission
periods. At the beginning of each period, based on the available metadata up to
that time and the available bandwidth in the following period, the server makes
decision on what photos to be uploaded in this period, and then notify the users
to transfer the photos. The goal is to maximize the total utility of the selected
photos at any time during the course.
Speciﬁcally, the following notations are needed. Let ti be the i-th period and
Bi be the number of photos that can be uploaded in the i-th period, determined
by the bandwidth constraint. Then let Ai be the set of available photos at the
beginning of ti , i.e., the photos stored in the user end but not uploaded yet. Finally,
the selected photos to be uploaded in ti is denoted by Ci . The problem is deﬁned
as follows.
Definition 10. [Online Max-Utility Problem] Given a set of m targets with known
locations T = {T1 , . . . , Tm }, and the set of available photos Ai at the beginning
of each period ti , and suppose the event happens at period t0 , how does one select
the set of photo Ci for each period in an online manner, such that Ci ⊆ Ai and
|Ci | ≤ Bi , and at the end of each period ti , the total utility of all the selected photos
up to ti , i.e., UC0 ∪...∪Ci (T ) (deﬁned in Deﬁnition 8), is maximized?
Note that the length of the period is a parameter determined by the application,
e.g., how urgent the event is and how often new photos should be collected, etc. The
bandwidth constraint Bi can vary from one period to another and not necessary
to be constant.

6.4.2

Online Selection Algorithm and Analysis

In each period, all the photos available up to present are considered. Finding
the ones that can maximize the increase of total utility is easy when the number
of photos is small, and an enumeration of all possible combinations can always
deliver the optimal solution. However, as the process continues and more and more
photos are available, computation cost would become prohibitively high. One way
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to overcome the diﬃculty is to limit the pool of candidate photos under a small
size by ignoring or discarding some old and unselected photos. However, it would
be very diﬃcult to decide which photos are to be ignored and it is impossible to
predict the performance.
Our solution is to use the approximation algorithm proposed for the original
Max-Utility problem. At the beginning of each period, with the knowledge of the
bandwidth constraint and the metadata of all available photos, the server selects
one by one greedily such that each one maximizes the increase of total utility. Note
that the conversion into a weighted set system is the same as before except that
the aspects covered by photos selected in previous periods should now be excluded.
After that, the selected photos will be transferred immediately during the period.
Then we prove the competitive ratio of the above online selection algorithm.
The competitive ratio [74] is the performance ratio between an online heuristic and
any optimal oﬄine (sometimes called static) algorithm. Speciﬁcally, we show that
the total utility achieved is lower bounded by a constant factor of the optimal value,
i.e., the total utility that can be achieved by any selection algorithms including an
oﬄine algorithm.
Theorem 14. For any given integer s, let Uonline be the total utility of the selected
photos up to period ts by the online selection algorithm, and let Uopt be the total
utility of the optimal set of selected photos, subject to the constraints in Deﬁnition
10, then

1
(1 − (1 − 1/Bmin )Bmin ) · Uopt ≤ Uonline ,
2

where Bmin = min{B1 , . . . , Bt }, and

1−(1−1/Bmin )Bmin
2

≥

(1−1/e)
2

≈ 0.32.

Proof. To simplify the presentation, we ﬁrst deﬁne some notations used in the
proof. Let Ci denote the photos selected by our algorithm in ti and Ciopt denote
the photos selected by an optimal algorithm including a possible oﬄine algorithm.
∪
∪i−1 opt
opt
Cj .
Meanwhile, let SCi = i−1
= j=1
j=1 Cj and SCi
Let a(Ci ) denote the aspects (of the targets in T ) that are covered by Ci but
not covered by any photos in SCi . And the size of the set a(Ci ) is |a(Ci )| =
USCi ∪Ci (T ) − USCi (T ), i.e., the amount of total utility increased by adding Ci to
the existing selection. Similarly, we can deﬁne a(Ciopt ) and its size in regarding
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to the selection by the optimal algorithm. From this deﬁnition, we have Uopt =
∪
∪
|a( si=1 Ciopt )| and Uonline = |a( si=1 Ci )|.
∪
∪
For any period tk , let Ik = a( ki=1 Ci ) ∩ a( ki=1 Ciopt ), i.e., aspects that are
covered by both our selection of photos and the optimal selection. Then let α =
1 − (1 − 1/Bmin )Bmin , where Bmin = min{B1 , . . . , Bt }. We will show by induction
that, for any period tk ,
|a(

k
∪
i=1

Ciopt )

k
1 ∪
\ Ik | < |a( Ci )|.
α i=1

(6.2)

Clearly this is true for t0 . Suppose for tk−1 , where 2 ≤ k ≤ s, (6.2) is correct.
∪
Then consider a( ki=1 Ciopt ) = a(SCkopt ) ∪ a(Ckopt ). Notice that a(SCkopt ) \ Ik ⊆
a(SCkopt ) \ Ik−1 , as Ik−1 ⊆ Ik . Thus, according to induction assumption,
|a(SCkopt ) \ Ik | ≤

1
|a(SCk )|.
α

(6.3)

Also notice that a(Ckopt ) \ Ik ⊆ a(Ckopt ) \ A(SCk ). Because Ck is selected by
using greedy algorithm maximizing the increase of total utility, from Theorem 13,
we have (1−(1−1/Bk )Bk )|a(Ckopt )\a(SCk )| ≤ |a(Ck )|. And as α ≤ 1−(1−1/Bk )Bk ,
thus,
|a(Ckopt ) \ Ik | ≤

1
|a(Ck )|.
α

(6.4)

Combining (6.3) and (6.4), we have proved (6.2). From (6.2), and the fact
∪
∪
that Uopt = |a( si=1 Ciopt ) \ Is | + |Is \ a( si=1 Ciopt )|, and the later is smaller than
∪
|Is | ≤ |a( si=1 Ci )| = Uonline < α1 Uonline , we have Uopt ≤ α2 Uonline , which concludes
the proof.
A simple example can show that the above bound is tight for the proposed
online selection algorithm. It also shows the limit of any possible online solution.
Suppose there is one target T , and consider a two-period selection, with bandwidth
constraint B = 1 for each period. In the ﬁrst period, there are two photos available
with the ﬁrst one covering T from the east side and the second covering T from the
west side. As both photos yield the same utility increase, i.e., 2θ, the ﬁrst one is
chosen (lower index). Then in the second period, the metadata of the third photo
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comes in and it is the same as the ﬁrst one. Thus, no matter if we choose the third
one, the total utility is still 2θ. However, the optimal solution would choose the
second photo in the ﬁrst period and then the third photo in the second period,
which yields a total utility of 4θ. As can be seen, the ratio of the two results are
1
,
2

equal to 12 (1 − (1 − 1/B)B ) when B = 1. In fact, without knowing what photo

coming out in period 2, no online algorithm can guarantee to make the right choice
in the ﬁrst period. Thus, the competitive ratio of any online algorithm can not be
improved beyond 1/2.

6.5

Achieving Best Utility with Min-Selection

In the above discussion, the bandwidth is a hard constraint while the total utility
is maximized. In this section, we consider another important scenario: the number
of photos is minimized while the total utility is to be above a required level. In
many practical applications, the major concern is to deal with the sheer amount of
raw data (photos) obtained via crowdsourcing. Although bandwidth, storage and
processing capability are not hard constraints as in the disaster recovery example,
it is still desirable for many tasks to ﬁnd selections of photos that are as few as
possible, but still can satisfy the coverage requirement.

6.5.1

Problem Statement

Each target Ti is associated with a coverage requirement, which is represented by a
coverage interval Ii = [ai , bi ], 0 ≤ ai , bi < 2π. The requirement is met if any aspect
⃗v chosen from Ii is covered. The goal of the optimization is to use as few photos
as possible to satisfy the requirement.
Definition 11. [Min-Selection Problem] Given a set of m targets with known
locations T = {T1 , . . . , Tm } and n photos P = {P1 , . . . , Pn } with known metadata,
also given the coverage requirements for the targets: I = {I1 , . . . , Im }, the problem
asks for a minimum selection of photos out of the n candidates, such that the
coverage requirement for each target is met.
Note that in the Min-Selection problem, if the requirement can be met, the
optimization problem tries to use the minimum number of photos. Otherwise, if
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the requirement can not be met due to the insuﬃciency of the original set of photos,
the best achievable utility will be found. In that case, the goal of the optimization
is to ﬁnd the minimum number of photos that have the best achievable utility.
Definition 12. [Best Achievable Utility] Given a set of target T = {T1 , . . . , Tm }
with known locations and n photos P = {P1 , . . . , Pn } with known metadata, the
best achievable utility on a target Ti is the utility of all photos on this target, i.e.,
UP (Ti ), and the best achievable total utility of all targets is the sum of the best
achievable utility on each targets normalized by the number of targets m.
In the rest of this section, the best achievable utility is also used to refer to the
set of aspects that can be covered by all the photos. In the Min-Selection problem,
as targets do not need to be covered beyond the required level, any aspect outside
the required coverage interval Ii but in the range of the best achievable utility will
not be considered.

6.5.2

Selection Algorithm and Analysis

In the following description, it is assumed that the coverage requirement of each
target can be satisﬁed by the whole set of photos. Then the minimum selection
of photos achieving the same level of coverage can be found by the algorithm
described below.
The preparation process is similar as what we did in Section 6.3.2. Each target
Ti ’s coverage requirement Ii is partitioned into sub-intervals by the dividing points,
and the dividing points are the end points of the coverage intervals (sub-intervals)
of the photos. After the preparation, all the sub-intervals are numbered, and can
be represented by elements that altogether form an universe set U = {e1 , . . . , ew },
where w is the total number of sub-intervals. Then for each Pj , there is a subset
Sj ⊂ U which is comprised of the elements corresponding to the sub-intervals
covered by Pj . Based on this, the problem of ﬁnding the minimum photo selection
can be converted to the following problem.
Given a universe set U and a collection of subsets of U : S = {S1 , . . . , Sn }, and
assume ∪nj Sj = U , how to ﬁnd a subset S ′ of S such that ∪Sj ∈S ′ Sj = U and |S ′ | is
minimum?
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This is an instance of the Set Cover problem, which has been proved NP-hard
[73]. Thus for the Min-Selection problem, we can solve it by an eﬃcient algorithm
based on the greedy selection.
The algorithm begins by selecting the photo (some Sj ) that covers the most
number of sub-intervals (elements). Once a photo is selected, it will not be removed. The sub-intervals covered will not be considered in the future. Photos are
selected one by one based on how many new sub-intervals can be covered. Each
time, the photo covering the most number of new sub-intervals is selected. Ties can
be broken arbitrarily, e.g., by giving priority to the one with smaller index. The
process stops if all sub-intervals (elements of U ) is covered or no more photos can
be selected (i.e., either photos are all selected or no more beneﬁt can be achieved).
The following theorem, which is based on a classical result for set cover problem,
shows the approximation bound of the above selection algorithm.
Theorem 15. Let Nopt be the minimum number of photos to satisfy every target’s
coverage requirement. Let Ngreedy be the number of photos chosen by the above
algorithm. Then, Ngreedy ≤ O(log n)Nopt .
Proof. This follows from Theorem 3.1 in [73].
Again, we use Figure 6.2 to illustrate the above idea. Consider the problem
settings in Figure 6.2(a) and suppose the required coverage for T1 is [0, 360). The
construction of the universe set and all the subsets are shown in Figure 6.2(b)-(e).
The universe set U consists of 19 elements. The selection works on the subsets
Si . First, photo S2 is selected as it covers 5 new elements {e7 , e8 , e9 , e10 , e11 }. It
has the most elements covered and the smallest index. Then S5 can be selected
as it covers 5, the most number of new elements {e1 , e16 , e17 , e18 , e19 }. In the third
round, S3 can be selected, as it covers 4 new elements {e3 , e4 , e5 , e6 }. After that,
S1 , which covers 3 new elements {e12 , e13 , e14 }, is selected. Up to now, 17 out of
the total 19 elements have been covered. The remaining two are e2 and e15 . To
cover e2 , S4 is selected. Then S6 is selected to cover e15 . The ﬁnal selection is
S1 , . . . , S6 , which correspond to the following 6 photos: P1 , P2 , P3 , P4 , P5 , P6 .
The above discussion can be easily applied to the scenario of multiple targets. In
that case, each target corresponds to a set Ui of elements (sub-intervals). Elements
of all Ui will be considered to determine if a particular Sj can yield the most
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coverage. The algorithm stops if elements of all Ui are covered or no more progress
can be made.

6.6

Testbed Implementation and Evaluation

A prototype of SmartPhoto has been implemented in a testbed using Samsung
Nexus S smartphone running on Android 2.3.6 operating system (Gingerbread)2 .
We describe the details of the implementation and show a real world demo using
this testbed. We also evaluate the performance of the selection algorithms used in
SmartPhoto by extensive simulation.

6.6.1

Testbed Implementation Overview

In the testbed, the smartphones take photos with the metadata of each photo
automatically recorded. As deﬁned previously, the metadata is a tuple comprised
of a GPS location, a range indicating how far the photo can see, a ﬁeld-of-view
angle of the camera taking the photo and an orientation vector indicating the
facing direction of the lens. After the photo is taken, the smartphone uploads
the metadata of the collected photos to a centralized server, which runs the photo
selection algorithm.

6.6.2

Metadata Acquisition

The location can be directly acquired via built-in GPS receiver. The camera’s
ﬁeld-of-view is accessed programmatically via the Android camera API [75]. The
range is a little trickier as it depends on the resolution of the lens (and the image
sensor), the zooming level (or focal length) and the requirement of the application.
Application requiring a survey of large scale buildings may even ﬁnd useful of
photos that are taken a hundred meters away by a lower resolution camera, while
others may require closer look at the object and hence may exclude photos taken
more than a few meters away. In our experiment, as the subjects are buildings on
campus, 50 meters is used as a referenced range. We ﬁnd that for our purpose,
objects in photos taken within this range are generally recognizable.
2

The same APIs used in our testbed is also supported and used in later versions of Android.
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Orientation is a key factor that has not yet been fully taken advantage of in
previous works. The way used to characterize the orientation in the Android system
is to deﬁne a local and a world coordinate system3 , and represent the orientation
as a rotation matrix. The rotation matrix is used to transform a local coordinate
tuple into a global one. From the rotation matrix, it is also possible to represent
the rotation in a three tuple called azimuth, pitch and roll, which respectively
indicate the device’s rotation around the Z, X and Y axes [76].
In our testbed using Android APIs, there are three types of sensors available
that lend themselves to orientation calculation: the accelerometer, magnetic ﬁeld
sensor and the gyroscope. Thanks to the MEMS technology, these sensors are now
very common and can be found in many other popular smartphones like Apple’s
iPhone 4 and later models.
Among these sensors, the accelerometer measures the device’s proper acceleration along the three axes in the device’s local frame of reference. Note that the
reading from the accelerometer does include the inﬂuence of the gravity. In a world
coordinate system, the gravity can be represented as a vector (0, 0, g) with g being
roughly 9.8m/s2 , depending on the location. The magnetic ﬁeld sensor provides
the readings measuring the ambient magnetic ﬁeld along the three axes in the local
frame of reference. The coordinates of the magnetic ﬁeld in the world coordinate
system are available via an API using the World Magnetic Model produced by the
United States National Geospatial-Intelligence Agency [77]. Ideally, by combining
the above readings and facts, the orientation of the device can be obtained. This
is exactly one method deﬁned and used in the Android standard APIs.
However, the accelerometer’s reading is aﬀected by short term vibration of
the phone, and the magnet ﬁeld sensor’s reading is aﬀected by nearby magnet
objects in the environment, which makes above result susceptible to noise. To
address this issue, we use the gyroscope and adopt a simple sensor fusion technique.
Functionally, the gyroscope measures the angular rotation speeds for all three axes.
By multiplying the angular speed with the time interval between two consecutive
3

As a convention, in a world coordinate system, Z axis is perpendicular to ground and points
to the sky; Y is tangential to the ground and points towards the magnetic north pole; X is the
vector product of Y and Z. In the phone’s local coordinate system, Z is perpendicular to the
phone screen and points outward; the X axis is along the width of the phone and the Y axis is
along the length [75, 76].
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sensor readings, the rotation vector, which indicates the change of orientation in
terms of rotation angles around the three axes, is obtained. Then new orientation,
denoted by the three tuple (azimuth, pitch, roll), is obtained by adding the quantity
of change (denoted by ∆Ogy ) to the old one obtained in last step. The result is
denoted by Ogy as shown in equation (6.5). Note that the initial value is obtained
by just using the accelerometer and the magnet ﬁeld sensor as is described above.
Ogy = Ogy + ∆Ogy .

(6.5)

Then the result from the gyroscope is combined with the result from the accelerometer and the magnet ﬁeld sensor (denoted as Oam ) as follows in (6.6). Here α is an
adjustable parameter between 0 and 1.0, and Of use is the ﬁnal output.
Of use = α × Ogy + (1 − α) × Oam .

(6.6)

It is also worth mentioning that the orientation of the device is measured against
the world coordinate system whose Y axis points to the magnetic north, not the
true north. As in most map service, true north is used for reference, the above result
needs to be aligned with the true north. This can be achieved by ﬁrst obtaining
the angle between these two direction, which is called magnetic declination and
accessible via Android magnetic ﬁeld APIs, and then calibrating the output result.

6.6.3

Demo in a Real-world Example

The above testbed is used in a real-world example to showcase the eﬀectiveness of
the proposed method. In this demonstration, a landmark (a bell tower) is chosen
as the target. Photos are then taken by using the reprogrammed Samsung Nexus S
around the target. Each photo is recorded with its metadata. The metadata of all
photos are later uploaded into a centralized server. To illustrate the distribution
of the sample pictures, the location of each photo and the direction where the
camera faces when the photo is taken are marked in the map shown in Figure 6.3.
Note that as the camera lens is on the back of the tested smartphone, the direction
vector of the camera is along the negative Z axis in its local coordinate system.
In Figure 6.3, it is projected on the ground level (i.e., X-Y plane in the world
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Figure 6.3. 30 photos are taken around a bell tower target (red circle). Positions (green
dots) and camera’s facing directions and FoV (red “V” shape) are marked accordingly.

coordinate system). The opening of the sector, symmetrical about the direction
vector, shows the (horizontal) FoV of the camera. In our case, it is ﬁxed to be 51.2
in degree.
As we can see in the map, there are 30 photos in total. Although most of them
are taken in the area around the target, some are not facing to the target. Also,
the distribution is not uniform. In reality, people are likely to take pictures of the
front and back sides of the building, which are more attractive to tourists.
After the metadata is retrieved, the max-utility problem is solved by the proposed algorithm running in a centralized server. In this example, we choose 4
photos. The eﬀective angle (θ) is 30 in degree. The selected photos are shown
in Figure 6.4(a). As a comparison, the 4 photos chosen by a random selection
algorithm are shown in Figure 6.4(b). It can be seen obviously that the 4 photos
chosen by our algorithm cover the target from 4 diﬀerent locations well separated
from each other, with each one from a totally diﬀerent angle. From the photos,
we can see the bell towers from 4 distinct viewpoints. On the other side, only 2
photos chosen by the random algorithm cover the target. The other half of the
photos are facing away from the target. This is because the random selection does
not consider the orientation of the smartphones.
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Figure 6.4. (a) 4 photos selected by our algorithm; (b) 4 photos selected by random.
The positions of the selected photos and the camera’s directions are shown in the bottom
maps.

6.7

Simulation Results

In this section, we evaluate the photo selection algorithms through simulations.
The target is randomly distributed in a 100m by 100m square area. Photos are
assumed to be taken at random positions, with random orientations from 0 to 2π,
in a larger area that is a 200m by 200m square, with the target area in the center.
During the simulation, the random selection algorithm is used for comparison.
For a fair comparison, the random selection excludes any photos that have no
target covered, but only consider photos that cover at least one target, i.e., relevant
photos. Note that a more naive selection could be blindly selecting photos without
considering this.
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Figure 6.5. Simulation results: (a)-(b) Max-Utility; (c)-(d) online Max-Utility; (e)-(f)
Min-Selection.

6.7.1

Results on Max-Utility

In the ﬁrst part, we evaluate the performance of our algorithm on addressing
the Max-Utility problem. Intuitively, with more bandwidths (larger B), better
coverage of the targets (total utility) can be achieved. As shown in Figure 6.5(a),
both our algorithm (denoted by “ours”) and the random selection (denoted by
“random”) achieve more utility (y coordinate) as B (x coordinate) increases. Here,
the key parameters are shown in the ﬁgure. The total utility achieved by all
photos (denoted by “best achievable”) is also shown to provide an upper bound.
The diﬀerence between our selection and the random selection is signiﬁcant and the
advantage of our algorithm is obvious especially when B is smaller, i.e., bandwidth
is more constrained. Although the performance of both algorithms converges to
the best-achievable utility as B becomes larger, the convergence of ours is much
faster.
Figure 6.5(b) shows how the total utility changes as the number of candidate
photos increases while other factors including bandwidth (B = 20) remain unchanged. The advantage of our algorithm is signiﬁcant across the range. Considering the bandwidth limitation (only 20 photos can be selected to cover 30 targets),
the diﬀerence between the utility achieved by ours and the best achievable level

100
is small. Moreover, our algorithm can take advantage of the increasing density of
photos, and improve its performance as the number of photos increases.

6.7.2

Results on Online Max-Utility

In this part, the algorithm for the online Max-Utility problem is evaluated. We
ﬁrst observe how the total utility changes as the number of periods increases in
Figure 6.5(c). Here, we use the same target distribution as above, and there are 100
new photos available in every period. Photo parameters are shown in the ﬁgure.
The normalized total utility at the end of each period is recorded. As can be seen,
for both our algorithm and the random algorithm, the total utility increases as the
number of periods increases. However, for our algorithm, it quickly approaches
to 360. It is actually above 350 after t7 , which means by that time, almost all
aspects of the targets are covered by the selected photos. The random algorithm
takes much longer (after t25 ) to reach that level of coverage. Thus, our algorithm
is more responsive and eﬀective.
Next, we vary the number of new photos from 50 to 100, with other parameters
the same as above except the number of periods which is now ﬁxed to be 5. The
total utility of the selected photos after t5 is shown in Figure 6.5(d). As the number
of available photos increases, the selection algorithm has more choices. As a result,
the total utility improves and approaches 360 in our algorithm. In comparison, the
performance of the random algorithm is ﬂat (a little ﬂuctuated due to randomness)
and very low. Given the same time period, the total utility of our algorithm is
much higher than the random algorithm across the range. The reason is that as
more photos are available, both “good” and “bad” photos appear. Our algorithm
can take advantage of the increased number of good photos while the random
algorithm is stuck by its blindness and aﬀected by the bad ones.

6.7.3

Results on Min-Selection Problem

Finally, the Min-Selection problem is studied. In reality, the given pool of photos
can be very large and the number of relevant photos (i.e., photos covering at least
one target) can increase very fast as the total number of randomly taken photos
increases. Then, a careful selection of photos can greatly reduce the redundancy.
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Figure 6.5(e) shows the eﬀectiveness of our selection algorithm on reducing the
redundancy. There are 20 targets on the ﬁeld, and the camera parameters are
shown in the ﬁgure. As the total number of photos varies from 500 to 2000, the
number of related photos (denoted by “related”) increases linearly. However, the
number of photos selected by our algorithm (denoted by “selected by ours”) to
achieve the same coverage does not increase. It actually decreases slightly since
our algorithm takes advantage of the increased density of the photos and improves
its eﬃciency.
The algorithms are also evaluated under the situation that the number of targets (m) varies from 5 to 50, while the total number of photos are ﬁxed to be 1000
and all other factors remain the same. As shown in Figure 6.5(f), the algorithms
have to select more photos to cover the increased number of targets. However, the
number of photos selected by our algorithm remains very low, and the increasing
speed is much slower as the number of targets increases, which is much better than
the random algorithm.

Chapter

7

Conclusions and Future Work
7.1

Summary

In this thesis, we have studied the coverage problems in camera sensor networks.
First, a novel coverage model called full-view coverage has been proposed, which
characterizes unique properties of camera sensors in terms of coverage. With this
model, we proposed a series of methods for full-view coverage detection, and derived suﬃcient conditions on the number of camera sensors needed for full-view
coverage in both a random uniform deployment, and a controlled triangular lattice
based deterministic deployment. Theoretical analysis have proved the correctness
of the detection algorithm, and simulation results have demonstrated the accuracy
of the theoretical analysis, and showed a pictorial view of the number of camera
sensors needed in a real deployment.
Then the barrier coverage problem has been redeﬁned and carefully studied.
New concepts of weak and strong barrier coverage featuring new coverage requirement in camera sensor networks have been proposed. The barrier coverage veriﬁcation problems have been solved with eﬃcient algorithms, and the correctness
have been proved rigorously. Also, methods to reduce deployment redundancy
have been introduced. And new deployment pattern for strong barrier coverage
have been proposed and optimized under various deployment parameters. In simulation, we evaluated the performance of the camera sensor selection algorithm
used in the construction of camera barrier in a random deployment and found the
method is very eﬃcient in reducing the degree of redundancy.
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As camera sensors are special kinds of directional sensors, and many camera
sensors have the capability to rotate, we have also studied the service delay minimization problem in the context of directional sensor networks. In such a network,
when the number of sensors is not enough to serve or cover all the target points
simultaneously, the sensors can be scheduled to steer and serve the target points
periodically. The service delay, which is the time delay between any two successive
coverage of single target, aﬀects the quality of service. We showed that choosing the optimal set of targets to serve for each sensor to minimize the worst-case
(maximal) service delay is NP-hard. Then we have proposed a centralized protocol as well as a distributed protocol to solve the problem. The performance of
both protocols are bounded by a logarithm factor from the optimal solution. After
that, the original optimization model by has been extended into a more generic
case in which the rotation delay is included in calculating the total service delay,
and an approximation algorithm has been proposed. The performance of all the
proposed algorithms have been validated by extensive simulation under various
sensor network conﬁgurations.
Finally, we gave a very interesting application of camera sensor networks called
resource-aware crowdsourcing. It is based on the idea that hundreds of thousands
of smartphone users can contribute photos annotated with metadata to a central
authority to assist critical tasks like disaster recovery. The constraints of communication bandwidth and other computation resources demand that only a limited
number of photos can be uploaded to the central server. The problem is how to
choose the most useful photos without knowing the content of them. To solve this
problem, a framework to eﬃcient characterize and select crowdsourced photos has
been proposed. Based on our study of the full-view coverage model, a new concept
called photo utility has been proposed. It measures how well a given set of targets
is covered by a given set of photos. The calculation can be done by using only
metadata information which includes the camera phone’s GPS location, orientation, ﬁeld-of-view, etc, and can be easily accessible through many built-in sensors.
Three optimization problems regarding the tradeoﬀ between photo coverage and
resource constraints have been studied. One proposed algorithm is to maximize
the total utility subject to the bandwidth constraint. It has been further extended
into an online selection algorithm that can periodically select and collect photos
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to satisfy the real-time requirement of the applications. We also proposed solutions to minimize the bandwidth usage while satisfying the coverage requirement.
The approximation bounds (or competitive ratio) of all the proposed algorithms
are theoretically proved. A smartphone testbed has been implemented and the
performance of the proposed algorithms has been evaluated and conﬁrmed under
extensive simulation.

7.2

Future Work

There are many interesting works worth further study. In Chapter 3, we proposed
the full-view coverage model and studied the coverage veriﬁcation problem. We also
estimated the number of sensors needed to achieve full-view coverage. A related
problem is regarding the relationship between the portion of full-view covered area
and the number of deployed sensors. For example, the system designer may ask
for an estimate of the sensors needed to achieve full-view coverage over 50 percent
area (rather than over the whole area). In the deterministic deployment, it is
interesting to look into some other common deployment patterns, e.g., the squarebased and hexagon-based deployment. Their performance in terms of number of
sensors needed are to be analyzed and compared, and the optimal deployment is
always desired.
For the barrier coverage problem discussed in chapter 4, we studied two kinds
of barrier coverage in camera sensor networks. As we discussed before, one interesting problem would be minimizing the selection of camera sensors to form the
valid camera barrier. Another related issue is to deal with redundancy removal.
Although some heuristics have been proposed, it is not clear to how much degree
the redundancy can be further reduced. Both problems may require reexamination
of the existing methods of coverage veriﬁcation. In general, barrier coverage is an
extension of whole coverage. We are interested to see some other meaningful extension of the model, such that the resource can be further saved and some degree
of performance can still be achived. For example, we may relax the requirement
on the continuity of the barrier by allowing some small gaps on the barrier, as long
as the intruders can still be detected with high probability. Note that by relaxing
the connectivity, we expect that the number of sensors needed in the initial de-
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ployment can be reduced. We can further imagine a scenario where the full-view
covered regions are “islands” spreading across the whole ﬁeld, but not necessarily
connected. There may be some penetrating path from one side to another, but the
probability that the intruder will hit at least one “island” is very high. This will
help further reduce the deployment cost but still provide some guarantee on the
intrusion detection. For the deterministic deployment, we only studied one way
to construct the barrier. Performance comparison with other possible deployment
patterns are needed.
Some other interesting works can be done following up the service delay minimization problems discussed in Chapter 5. While our analysis for the case when
rotation delay is negligible is complete, we still need some analysis work for the
case when rotation delay is non-negligible. We are also interested in the distributed
implementation of the algorithm for this case. And we notice that some high-end
cameras can not only rotate around, but also zoom in and out, tilt up and down
(the Pan-Tilt-Zoom camera). The cost of these PTZ cameras are higher than
low-end ﬁxed zoom cameras (like webcam), but they provide more ﬂexibility in
coverage. In fact, some initial attempt has been made to build up a hybrid camera
sensor network by leveraging the high-performance of the PTZ cameras and the
cost-eﬀectiveness of the webcams [78]. We are interested in the problems from this
network. For example, given a cost budget, how can we determine the number of
cameras in each kind and how to place them in the ﬁeld such that the coverage
quality is maximized? Also as the high-end camera is more energy demanding,
it cannot be powered on for all the time. It is very interesting to look into the
problem on how to schedule its sleeping/working cycle and zooming and rotating
operation to maximize the coverage performance while minimizing the energy cost.
Finally, our research on smartphone image sensing is still at initial stage. One
interesting problem is how to improve the accuracy of the metadata acquisition
using various built-in sensors on the smartphone. Complex signature processing
techniques and performance evaluation are needed. Another issue is how to design
a good incentive mechanism to encourage public participation and improve the
quality of crowdsourced photos. We believe the impact of our work is multifold
and there are still many interesting and practical issues to be further investigated.
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