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and Sensing in Mobile Sensor Networks

Yuan Song, Ph.D.

University of Connecticut, 2014

ABSTRACT

In this dissertation, we propose cost-effective algorithms for deploying mobile sen-
sors in traditional mobile sensor networks and scheduling mobile phone opportunistic
sensing in mobile phone based sensor networks. Traditional sensor nodes must be
deployed appropriately to successfully accomplish their sensing tasks. When the re-
gion of interest is unknown or hostile, manual deployment is infeasible. For such
scenarios, how to employ sensor mobility to achieve cost-effective self-deployment is
an interesting yet underexplored problem. While mobile phones are naturally sensor
nodes, they differ from traditional sensor nodes in that they move along with their
owners and only perform sensing tasks in an opportunistic manner. Therefore, an
interesting question is how to cost effectively schedule sensing tasks on a group of
mobile phones, taking account of the movements of these mobile phones.

In the absence of a prior knowledge of the region, deploying sensors evenly in the
region, referred to as even self-deployment, is one of the best known strategies. In the
first part of the dissertation, we propose distributed algorithms for energy-efficient
even self-deployment in mobile sensor networks. Specifically, we first formulate a lo-

cational optimization problem that achieves even deployment while takes account of



energy consumption due to sensor movement, and then propose two iterative algo-
rithms.

In the second part of the dissertation, we study self-deploying sensors to monitor
a set of targets when the target locations are known beforehand (through surveil-
lance). Our goal is to determine which target a sensor moves to so that the duration
for which a target can be monitored is balanced among the targets. We start with
the simplest scenario where all sensors have the same initial location and energy, and
propose an optimal algorithm to solve it. For the general scenario, the problem is NP-
hard. While it is a special case of Max-min fair allocation problem, existing solutions
are computational intensive, and hence are unsuitable for resource-constrained sen-
sors. We propose a greedy heuristic scheme and demonstrate that it achieves similar
performance as the best known algorithm for Max-min fair allocation while requires
much less running time.

In the third part of the dissertation, we study how to cost effectively schedule
mobile phones to monitor a set of targets and upload the collected data. The goal of
the problem is to obtain a cost-effective schedule of phone activities. We start with
the offline problem, assuming the trajectories of the phones are known beforehand.
We propose to overcome the limited cellular data plans of the phones by resorting
to opportunistic communication among mobile phones. We then formulate and solve
a minimum cost flow problem and a fair cost problem. After that, we investigate
the online version of the problems under realistic assumptions where only the past
trajectories of the phones are known. We develop two heuristic algorithms: one aims
to minimize cost while the other aims to achieve cost fairness. Extensive simulation
results show that the proposed algorithms perform well in terms of both minimizing

total cost and achieving cost fairness.
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Chapter 1

Introduction

1.1 Background and Motivation

1.1.1 Deployment and Coverage in Mobile Sensor Networks

The sensing capability of sensors provides a new way for people to collect data and
facilitate the interaction between people and the physical world. Once deployed in
an area, sensors take charge of monitoring the area. Wireless sensors networks, com-
posed of a large number of sensors, have been widely applied in many sensing sce-
narios such as military surveillance, natural disaster recovery, medical health mon-
itoring, and harsh environment exploration. For example, in military surveillance,
sensors can be deployed to detect intrusion and collect data from hostile areas [26].
In health monitoring, a variety of system prototypes and commercial products on
wearable sensors have been developed. These wearable sensors can be exploited to

collect real-time feedback information about patient’s health condition [55]. In en-



vironment exploration, sensors has been applied to monitor difficult-to-access areas
such as environmental sensitive beaches and near-shore coastal oceans [33].

The deployment of sensors determines the quality of the surveillance that the sen-
sor network can provide, e.g., how well a target area is monitored. Depending on the
applications, the deployment goal of sensor networks may vary. Existing formulations
of sensor deployment can be categorized into area coverage, point coverage and bar-
rier coverage [18]. In area coverage problems [32,71,82], the goal of the deployment
is to cover the whole target area while the point coverage problems [16,72] focus on
covering a set of known points in the target area. Barrier coverage problems [42,63]
differ from the other two types of coverage problems in that the goal is to minimize
the probability of undetected penetration through the barrier (sensor network).

Sensors can generally be placed in a target area either deterministically or ran-
domly [77]. Deterministic deployment is considered as a preferable way to deploy
the sensors as it can always achieve the desired deployment goal. However, when
deploying in unknown or hostile areas (e.g., remote harsh fields, disaster areas or
toxic urban regions), deterministic deployment may not be viable due to operational
constraints. In such applications, random distribution of nodes is the only feasible
option as sensors are often randomly dropped or projected into the target area in
such scenarios. It may not be realistic to expect sensors to be placed in a desired
way. Furthermore, the sensors are generally considered fragile and failure-prone. It
is possible that sensors may fail due to various reasons such as power depletion and
hardware defects, which leads to network degradation or corruption. Mobile sensors
become very useful in such cases. With the help of their locomotive abilities, they
can cooperate by employing self-deployment to achieve the desired deployment goal

or recover the network from unpredictable sensor failures [35,71].



Energy consumption needs to be considered carefully in employing mobile sensors
in the deployment and sensing applications. Mechanical movement of mobile sensors
is one of the dominant sources of energy consumption [67]. Since most mobile sensors
are battery powered, the energy consumption in movement may greatly reduce their
lifetime in sensing tasks. Therefore, the movement paths and destinations of mobile
sensors should be carefully planed so that the energy consumption in movement can

be minimized.

1.1.2 Mobile Phone Sensing in Urban Area

For the sensing applications in the urban area, rapidly developing mobile phones have
become a great alternative to traditional mobile sensors. With a growing set of cheap
powerful embedded sensors, such as an accelerometer, digital compass, gyroscope,
GPS, microphone, and camera, mobile phones are naturally mobile sensors. The
richly equipped mobile phones can enable sensing applications in various domains such
as environmental monitoring, social network, health-care, transportation, safety, etc
[41,44]. For example, in [52], the authors have proposed a system called SoundSense,
which collects sound events through mobile phones’ microphones. It uses various
learning techniques to classify the sound into different categories to recognize sound
events in users’ daily lives. In [74], the authors have proposed StreamShaper. It
employs mobile phones to collect the environmental data, which provides a virtual
sensor abstraction to applications.

There are two mobile phone sensing paradigms, participatory sensing and oppor-
tunistic sensing [44]. In participatory sensing, users actively engage in sensing activ-

ities by manually determining how, when, what, and where to sense. An advantage



of participatory sensing is that complex operations can be supported by leveraging
the intelligence of the person who participates in the sensing tasks. In opportunistic
sensing, sensing activities are fully automated without user involvement. The benefit
of opportunistic sensing is that it lowers the burden placed on users, allowing overall
participation of users to remain high even if the application is not that personally
appealing.

Depending on the sensing scale, mobile phone sensing applications can be cate-
gorized into personal sensing, group sensing and community sensing [44]. A personal
sensing application applies sensing to phone users. It typically collects data to track
user’s daily life. For example, the authors of [27] have proposed a smart phone system
named HealthAware. It takes pictures of intake food of the user with phone’s camera
while records daily physical activities of the user with the embedded accelerometer
sensor. It then presents the users how much daily activity is needed to burn the intake
food to keep healthy. Mobile phone users participating in group sensing application
generally share a common interest or goal. They share the sensing data with each
other to facilitate the sensing process. MoVi system proposed in [11] is an example
of group sensing application. It improves social event coverage by capturing video
highlights of users’ events. It detects the event by correlating the sensed data with
the data from other phones in the same social group. Once an event is confirmed, the
phone with the best view will be recruited to take the video of the event. The number
of participating users in community sensing applicatiosn is usually large. The design
goals of these applications are considered to benefit the general public. An example
of such application is Ear-phone system [58]. In this system, the participating users
collect noise data via mobile phones. A noise map of a city is created to assess noise

pollution of the city.



Compared to sensing through tradition mobile sensors, mobile phone sensing pro-
vides many additional benefits. It incurs no deployment cost and provides sensing
ability in any area where the mobile phone users travel to. Since mobile phones
have matured as a computing platform, employing mobile phones in sensing tasks
will enable a wide variety of sensing applications. As for the delay-sensitive sensing
applications, an important advantage of employing mobile phone in sensing tasks is
that they can offload the data right at the sensing site, either via WiFi hot spots or
via widely available cellular networks. Consistent access to the Internet also provides
the opportunity to allow centralized control over participating mobile phones. In de-
signing an effective mobile phone sensing system, several important factors need to

be considered carefully.

o Uncertainly in moving trajectory . Participating mobile phone users may allow
opportunistic sensing only. In such case, users generally will not travel to sensing
target actively. Their moving trajectories are uncontrollable and thus renders

the sensing of the target unpredictable.

o Limited 3G offloading capability. It is quite common that the available data
plans on mobile phones are limited, which limits their data offloading capabili-

ties.

e Operation costs. All activities of mobile phones in sensing tasks may incur
certain cost. The costs may either be energy consumptions of phone activities
or the financial compensations the system has to pay to the participants for

their phone activities.



1.2 State of the Art

1.2.1 Deployment and Coverage in Mobile Sensor Networks

Sensor deployment and coverage related topics have been an active research area.
Besides the coverage problems described in Section 1.1.1, K-coverage problem where
each point is covered by at least k sensors is studied in [43,81]. The relationship
between area coverage and network connectivity is investigated in [9,72].

Deployment and coverage problems of mobile sensor networks have attracted a lot
of attention. In [35,82], virtual force based algorithms are used to repel nodes from
each other and obstacles to maximize coverage area. In [71], the proposed algorithms
apply Voronoi diagrams to detect coverage holes. Sensors move towards coverage holes
to increase the coverage. A distributed control and coordination algorithm for sensor
formation is proposed in [22]. It employs Voronoi diagram based utility function to
compute the optimal sensor deployment step by step. In [12], a distributed grid-
shaped deployment algorithm is proposed for deployment in unknown fields. In [47],
the authors have proposed a optimal mobility strategies for sensors to detect intruder
based on a game theoretic approach. In Chapter 2, we propose distributed algorithms
for achieving energy efficient even self-deployment, which differs from many existing
studies where the focus is the coverage.

Several studies [16,17,25,80] study how to schedule the sensors so that the lifetime
of the sensor network is maximized. Assuming that a large number of sensors are
randomly deployed in the region of interest, monitoring a set of targets with known
locations, these studies schedule the wireless sensors to alternate between active and

sleep modes to save energy consumption while maintain target coverage. In Chapter



3, we propose computation efficient algorithms for energy-balanced deployment to
a priori known target locations. We explore how to use sensor mobility to move
the sensors to the desired target locations (which can be predetermined by solving
a coverage problem). Our solution can be used as a second step after solving any
of the above static coverage problems when manual deployment of the sensors is not

feasible.

1.2.2 Mobile Phone Sensing in Urban Area

Recent mobile sensing and computing applications have been increasingly through
mobile phones [41,44]. Besides the sensing applications described in Section 1.1.2,
the authors in [57] have proposed METIS platform. It implements a sensing task
distribution scheme that dynamically decides whether to perform sensing on the phone
or in the infrastructure, considering the energy consumption, accuracy, and mobility
patterns of the users. In [23], the authors have designed a citizen journalist application
based on the proposed Platform for Remote Sensing using Smartphones (PRISM). Tt
provides location-based triggers to alert mobile phone users, who are in the vicinity
of a location of interest, to respond to the application so that the sensing data at the
location can be collected.

Different operational costs of mobile phone sensing have been considered in the
literature. In [65], the authors consider energy consumption of mobile phone sens-
ing as the cost. They have developed an energy-efficient collaborative sensing model
which schedules mobile phones to achieve area coverage. In [76], the authors consider
the incentives to attract more user participation as the cost. They have proposed

two system models: the platform-centric model where the platform provides a reward



shared by participating users, and the user-centric model where users have more con-
trol over the payment they will receive. The downlink limitation of 3G data plan
of mobile phones has been addressed in a few recent studies. In [30], the authors
have proposed to exploit opportunistic communications to facilitate information dis-
semination in the emerging Mobile Social Networks (MoSoNets) and thus reduce the
amount of mobile data traffic. In [60], the authors have proposed to exploit delay
tolerance and tries to download contents when users are close to Wi-Fi access points.
Our work differs from these studies in that we address uplink limitation and con-
sider uploading cost. In order to achieve system wide cost optimization, the mobile
phone sensing and data offloading should be considered together. In Chapter 4, we
design generic target monitoring system through mobile phone sensing and present
cost-efficient practical algorithms for the system. To the best of our knowledge, we
are the first to address both mobile phone sensing in target monitoring and 3G data

plan limitation together to minimize the total cost.

1.3 Contributions of This Dissertation

The contributions of this dissertation are three-fold: (1) developing distributed algo-
rithms for achieving even energy efficient self-deployment, (2) developing computation
efficient algorithms for energy-balanced deployment to a priori known target locations,
and (3) designing a generic target monitoring system through mobile phone sensing

and presenting cost-efficient practical algorithms for the system.



1.3.1 Mobile Sensor Self-deployment without A Priori Knowl-
edge of the Target Area

When deploying sensors in an area without a priori knowledge of the area, the opti-
mal deployment cannot be pre-computed. The initial deployment of sensors may be
uncontrollable as the sensors are generally air-dropped or projected into the target
area. In order to achieve the desired deployment, mobilities of the mobile sensors are
exploited to achieve the desired deployment goals. Existing works focus on moving
sensors to achieve area coverage [35,71]. The mobile sensors move to fix the coverage
holes. However, the area coverage may not achieve the best sensing quality in the
target area.

Since no a priori information of the target area is available, all points in the
target area should be considered equally important in sensing tasks. Therefore, the
sensing quality of the sensor network is determined by the average sensing quality on
every point in the area. Due to the limitation of sensing hardware, higher sensing
quality generally implies that a sensor needs to closer to a target object or area.
Even deployment, in such scenario, is considered the best deployment as the average
distance between any point in the area and its closest sensor is minimal compared
to other deployments. In order to achieve even deployment in an energy efficient
manner, mobile sensors need to collaborate with each other to carefully plan their
moving paths.

In Chapter 2, we address the deployment problem in mobile sensor networks
when a priori knowledge of the target area is not available. According to Gersho’s
conjecture [28], for a given area and a set of sensors, the sensors are evenly distributed

when they form a Centroidal Voronoi Tessellation (CVT) [56]. Therefore even self-



deployment requires the sensors to form a CVT of the target area, which differs from
many existing studies where the goal is to maximize the coverage of the area [32,71,82].
For hostile or unknown fields, a centralized solution that pre-computes the final CVT
and sensor final destinations is often infeasible due to the difficulty of gathering global
knowledge and the lack of a centralized entity. Distributed algorithms that require no
global information, but rather rely on sensors cooperation to form a CVT, are more
desirable. In the first part of the dissertation, we propose distributed algorithms
for energy-efficient even self-deployment in mobile sensor networks. Specifically, we
first formulate a locational optimization problem that achieves even deployment while
taking account of energy consumption due to sensor movement, and then propose two

iterative algorithms.

1.3.2 Mobile Sensor Self-deployment with A Priori Knowl-
edge of the Target Area

When the a priori knowledge of the target area is available, there may be a set of
locations in the target area that need to be covered by the sensors, or the set of
locations forms the optimal deployment for the sensing application. In both cases,
due to the unpredictability of initial locations of mobile sensors, a mobile sensor needs
to decide which location it travel to after landing in the area. In this scenario, while
having only one sensor at each desired location suffices to achieve the coverage goal,
allowing multiple sensors to move to a desired location improves fault tolerance as
the sensors at the same location serve as backups for each other. More importantly,
multiple sensors at the same location prolongs the sensing time at the location through

role rotation [78]. In this way, the duration a location can be covered, i.e., the sensing

10



lifetime at the location, is primarily determined by the sum of the remaining energy
of the sensors at the location (the remaining energy of a sensor is its original energy
subtracted by the amount of energy consumed to reach the location).

The sensing lifetime at all locations should be balanced. Not only because it
increases the time that all locations are under surveillance, but also it may impact
the network lifetime. As sensors at locations may form a network to deliver the
sensing data out of the network, a single point of failure may lead to the breakdown
of the whole network. Therefore, mobile sensors have to cooperate with each other
to select destination locations so that each location is covered by at least one sensor
while the sum of the remaining energy of the sensors at all locations are balanced.

In Chapter 3, we focus on the deployment problem in mobile sensor networks
when the target locations are known beforehand (through surveillance). We start
with the simplest scenario where all sensors have the same initial location and en-
ergy, and propose an optimal algorithm to solve it. For the general scenario, the
problem is NP-hard. While it is a special case of Max-min fair allocation problem,
existing solutions are computational intensive, and hence are unsuitable for resource-
constrained sensors. We propose a greedy heuristic scheme and demonstrate that it
achieves similar performance as the best known algorithm for Max-min fair allocation

while requires much less running time.

1.3.3 Mobile Phone Sensing in Urban Area

In the urban area, the sensing tasks involving monitoring people’s activities, such as
street surveillance, become especially challenging as the number of targets may be

everywhere. It may require to deploy a large number of sensors in the target area

11



to cover all those targets, which is cost prohibitive and thus may not be feasible.
Employing mobile sensors to move back and forth among the targets is a possible so-
lution. However, deploying mobile sensors in urban area is not practical due to safety
issues. The prevalence of mobile phone sensing becomes an effective alternative. Mo-
bile phones that are equipped with various sensors are naturally mobile sensors. They
can enable sensing applications in various domains such as environmental monitoring,
social network, health-care, transportation, safety, etc [44].

In Chapter 4, we study how to cost effectively schedule mobile phones to monitor
a set of targets and upload the collected data. The goal of the problem is to obtain a
cost-effective schedule of phone activities. We start with the offline problem, assuming
the trajectories of the phones are known beforehand. We propose to overcome the
limited cellular data plans of the phones by resorting to opportunistic communication
among mobile phones. We then formulate and solve a minimum cost flow problem
and a fair cost problem. After that, we investigate the online version of the problems
under realistic assumptions where only the past trajectories of the phones are known.
We develop two heuristic algorithms: one aims to minimize cost while the other
aims to achieve cost fairness. Extensive simulation results show that the proposed
algorithms perform well in terms of both minimizing total cost and achieving cost

fairness.

1.4 Dissertation Roadmap

The remainder of this dissertation is organized as follows. In Chapter 2, we describe

our work on energy-efficient even self-deployment in mobile sensor networks. We first

12



present the motivation and the challenge in achieving even deployment in Section 2.1.
Then we introduce background information in Section 2.2. In Section 2.3, we formu-
late a locational optimization problem that achieves even deployment while taking
into account sensor traveling distances. Sections 2.4 describes our main algorithm for
the even deployment problem. Section 2.5 presents a method to deal with limited
communication range of sensors in computation. Section 2.6 presents performance
evaluation. Finally, we summarize our work in Section 2.7.

In Chapter 3, we present our work on energy-balanced deployment problem in mo-
bile sensor networks. We first review the motivation for achieving energy-balanced
deployment in wireless sensor networks in Section 3.1. Then we present the related
work in Section 3.2. Section 3.3 describe the problem formulation. After that, we
present optimal algorithm for homogeneous setting when sensors have the same start-
ing location and energy in Section 3.4. Section 3.5 presents algorithms for the general
scenarios where sensors have different starting locations and energy. We demonstrate
the effectiveness of the algoirthms in section 3.6 and summarize our work in Section
3.7.

In Chapter 4, we investigate how to cost effectively schedule mobile phones to
monitor a set of targets. We first present motivation and challenges in scheduling
mobile phones to monitor targets. We then describe the state of the art related works
in Section 4.2. The problem formulation is presented in Section 4.3. We present
optimal algorithms under idealized assumptions in Section 4.4. We then present
heuristic algorithms for practical scenarios in Section 4.5. We describe our simulation
settings and results in Section 4.6 and summarize our work in Section 4.7.

Last, we conclude this dissertation and present future work in Chapter 5.

13



Chapter 2

Distributed Algorithms for
Energy-efficient Even
Self-deployment in Mobile Sensor
Networks

2.1 Introduction

Sensor nodes must be deployed appropriately to successfully accomplish their sensing
tasks. When the region of interest is unknown or hostile (e.g., remote harsh fields,
disaster areas or toxic urban regions), manual deployment is infeasible. In such cases,
employing sensor mobility to achieve self-deployment is a suitable approach [32,71,82].
Even self-deployment, i.e., deploying the sensors evenly in the region, is one of the
best known strategies in the absence of a prior knowledge of the region. For instance,
it provides an optimal deployment for barrier coverage problem [63]. It also implies

good coverage in “spot-sensing” applications [20], where each sensor node makes a

14



measurement (e.g., temperature or humidity) at the precise location of the node.

According to Gersho’s conjecture [28], for a given area and a set of sensors,
the sensors are evenly distributed when they form a Centroidal Voronoi Tessellation
(CVT) [56] (see more details on CVT in Section 2.2). Therefore, even self-deployment,
which requires the sensors to form a CVT of the target area, differs from many ex-
isting studies where the goal is to maximize the coverage of the area [32, 71, 82].
For hostile or unknown fields, a centralized solution that pre-computes the final CVT
and sensor final destinations is often infeasible due to the difficulty of gathering global
knowledge and the lack of a centralized entity. Distributed algorithms that require no
global information, but rather rely on sensors cooperation to form a CVT, are more
desirable.

A widely used distributed algorithm to construct CVTs is Lloyd’s method [50].
It is a simple, iterative, and distributed algorithm, derived from the locational opti-
mization problem [5] that requires little a prior information on the region of interest.
To the best of our knowledge, it is also the only distributed algorithm that has been
applied to sensor networks for even deployment [22].

When the initial locations of all sensors and the boundaries of the area are avail-
able, each sensor can run Lloyd’s method locally to compute the final CVT, and
hence its final destination, and then move to the destination directly. This approach,
however, may not always be feasible or desirable. First, a sensor may not know the
initial locations of the other sensors. This is because sensors are often initially de-
ployed by airdropping or being projected into the area, thereby making the initial
sensor locations difficult to predict. Furthermore, due to the uncontrolled initial de-
ployment, sensors may not form a connected network, making it difficult for a sensor

to communicate its location to the other sensors. Secondly, the boundaries of the

15



area may not be known beforehand and the sensors may have to sense the boundaries
while moving in the area. Thirdly, even if each sensor can pre-compute the final CVT,
some mobile sensors may fail while moving to their final destinations, leading to an
uneven deployment formed by the remaining sensors.

Due to the above reasons, in practice, a more robust and scalable way is to apply
Lloyd’s method iteratively while fully employing its distributed nature. Specifically,
in each iteration, sensors update their neighbor information, sense unknown bound-
aries and compute their next destinations. In this way, sensors will form an even
deployment eventually. Furthermore, sensor failures can be detected immediately
and reflected in the following computations when sensors update the information
from their neighbors.

Despite its scalability and robustness, Lloyd’s method suffers from two critical
issues when being used in mobile sensor networks. First, it relies on accurate Voronoi
neighbor information (more details of Voronoi neighbors can be found in Section 2.2),
which is often not available in mobile sensor networks since the sensors may be out of
the communication ranges of their Voronoi neighbors. Secondly, iterative application
of Lloyd’s method is not energy efficient — it does not optimize sensor moving dis-
tances, and therefore the sensors may travel longer distances than necessary before
reaching their desired destinations. Since mechanical movement of sensors is one of
the dominant sources of energy consumption [67], they may waste a large amount of
energy.

This chapter addresses the issue of energy-efficient mobile sensor deployment to
evenly cover a region of interest. The proposed method improves the energy efficiency
of the iterative Lloyd’s method by defining two cost metrics of energy consumption.

The first one is the traveling distance of the sensors and the other one is the number
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of deployment steps, which roughly equals to the number of start/stop operations

of each sensor. The latter has been shown to be another major energy consumption

source during the deployment process [67]. The limited communication ranges of

sensors are also considered.

The main contributions of the work are as follows.

The locational optimization problem is reformulated by incorporating the trav-
eling distances of the sensors. The new formulation can achieve even deployment

while taking account of the energy consumption.

A new algorithm called Lloyd-« is proposed that reduces the movement step
sizes in Lloyd’s method and saves traveling distance while maintaining the con-

vergence property.

A new distributed algorithm, called DEED (Distributed Energy-Efficient self-
Deployment) algorithm, is proposed, that reduces the energy consumption by
saving sensor traveling distances while maintaining a reasonable number of de-

ployment steps.

An intuitive method is proposed to deal with the incomplete Voronoi neigh-
bor information due to limited communication ranges of sensors. Simulation
results show that this method helps the convergence of both Lloyd’s method
(the original Lloyd’s method and Lloyd-a) and DEED algorithm.

The performance of DEED algorithm is evaluated using both analysis and simu-
lations. Extensive simulation results indicate that, compared to Lloyd’s method,
it reduces the traveling distance by up to 54%, and reduces the energy consump-

tion by up to 46%.

17



The rest of the chapter is organized as follows. Section 2.2 presents background
information. Section 2.3 describes our new formulation of the locational optimiza-
tion problem. Section 2.4 describes DEED and its theoretical analysis. Section 2.5
describes the method to deal with the incomplete neighbor information in Voronoi
cell computation. Section 2.6 presents performance evaluation. Finally, Section 2.7

concludes the chapter and presents future work.

2.2 Background

2.2.1 Voronoi Diagram and CVT

Given a region and a set of sensors, a Voronoi diagram divides the region into a set
of Voronoi cells; each point in a cell is associated with its closest sensor. Specifically,
consider a convex region, A, with a density function p(x). Let s; denote the location
of sensor 7. Let vector s = {s;}_; denote the location of all the sensors. The Voronoi

cells, V(s) = {V;};, generated by s are defined as
Vi=A{z € Al|lz = sil| < |z — 54, Vj # i},

where V; is the Voronoi cell generated by the i** sensor. All the sensors whose Voronoi
cells are adjacent to V; are called as the Voronoi neighbors of sensor i. Fig. 2.2.1(a)
shows an example of a Voronoi tessellation generated by 16 sensors.

Note that due to limited communication ranges of sensors, the Voronoi neighbors
of a sensor may not be its real neighbors defined by its communication range. For

instance, in Fig. 2.2.1(a), sensor 6 has six Voronoi neighbors. Due to limited commu-
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(a) Voronoi Cells (b) CVT

F1GURE 2.2.1: Illustration of Voronoi Cells and CVT with 16 sensors in a square area.

nication range, only three of them (sensors 7, 8, and 5) are within the communication
range of sensor 6, while the other three (sensor 4, 12, 16) are out of the communication
range of sensor 6.

A CVT is a Voronoi tessellation where each generator of its Voronoi cells coincides
with the mass centroid of the Voronoi cell. Fig. 2.2.1(b) shows a CVT corresponding
to the Voronoi tessellation in Fig. 2.2.1(a). It is obtained using Lloyd’s method
(see Section 2.2.3). Many CVTs may be derived from the initial deployment in Fig.

2.2.1(a); Fig. 2.2.1(b) only illustrates one of them.

2.2.2 Optimization Problem for Even Self-deployment

Consider the CVT energy function [49,56] defined as

F(s) = Z /GV |z — s;||” p(z) da. (2.2.1)
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As shown in [7,36,56], the gradient of F(s) is

OF
N 882'

where m; and ¢; are the mass and centroid of Voronoi cell V;, respectively, and

mo= [ payde
z€V;
fxevi p(x)x dx

Joev, pla)da”

c;, =

where p(x) denotes the density at point x. In our problem, p(z) = 1.

One can observe from (2.2.2) that a CV'T corresponds to a critical point of F(s).
The study in [56] shows that the necessary condition for F(s) to be minimized is that
s forms a CVT. Recall that a CVT corresponds to an even deployment according to
Gersho’s conjecture [28]. Hence the sensor locations that minimize the CVT energy
function F form an even deployment. Therefore, the even-deployment problem can

be formulated as an unconstrained minimization problem as
s, = arg min F(s), (2.2.3)
S

where s, corresponds to a CVT of the target area. Note that for a given set of
sensors and target area, there may exist multiple CVTs which correspond to the local
minimizers and the global minimizer of the CVT energy function [56]. Any CVT can
form an even deployment.

To solve the even self-deployment problem defined in (2.2.3), iterative algorithms

are generally used. In these algorithms, the locations of sensors are iteratively up-
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dated in the direction of the negative gradient of the CVT energy function, until
the algorithm converges. If the algorithm is distributed, then the sensors compute
the moving direction with the local information and move iteratively to minimize the
CVT energy function. In particular, let sy denote sensor positions in the k" iteration.
Let the movement step of N sensors be defined by the vector p = {p1,p2,...,pn}.

Then, the movement step pj, in the & iteration is computed as,
pr = arg min F(sx + p), (2.2.4)
P
and the sensor location vector is then updated as

Sk+1 = Sk + Pk- (225)

Due to the iterative nature of the method, the sensors are required to be syn-

chronized with each other in some fashion. The algorithm converges to a CV'T when

pr = 0.

2.2.3 Lloyd’s Method

A widely used algorithm to construct a CVT is Lloyd’s method [56]. In Lloyd’s
method, the sensors’ locations are updated to the centroids of their Voronoi cells in
each iteration. Subsequently, the Voronoi cells are computed again and the process is
iterated until an approximate CVT of the target area is generated!. Since sensors can

use distributed algorithms (e.g., those in [13]) to compute Voronoi cells and Voronoi

Note that in [22] Lloyd’s method can be an asynchronous algorithm in which sensors compute
movement step and change destination on the go. However, this requires the sensors to update
Voronoi cell continuously, which is not practical in sensor networks.
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neighbors, the movement step can be computed distributedly based on the neighbor
information. To apply it to mobile sensor deployment, we let each iteration consist
of two phases: i) neighbor discovery phase and ii) movement phase. In the neighbor
discovery phase, sensors exchange their location information with their neighbors. At
the end of the neighbor discovery phase, sensors compute their Lloyd movement step,

referred to as Lloyd step, as
pi=c¢—5, t=1.,N (2.2.6)

Note that a sensor may not be within the communication ranges of its Voronoi

neighbors. The method described in Section 2.5 can be used to deal with such cases.

2.3 Energy-Efficient Even Self-deployment

This section formulates a locational optimization problem that achieves even deploy-
ment while taking into account sensor traveling distances. Subsequently, it is shown

that Lloyd’s method provides an approximate solution to this problem.

2.3.1 Problem Statement

In order to save energy consumption, it is essential to reduce the traveling distances
of sensors during self-deployment. In this regard, the iterative form in Eq. (2.2.4)
is modified by adding a penalty function for the lengths of sensors’ movement steps

in each iteration. More specifically, the desired energy-efficient movement step in the
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k" iteration becomes

1
Pk = arg ngn (J—"(Sk + p) + §pTka) , (231)

where the second term on the right hand side, %pTI‘kp, represents the penalty function
and 'y is a diagonal matrix with positive elements.

The above method can be regarded as a proximal minimization algorithm [61].
When the algorithm converges, the sensor location vector s converges to the same
minimizer as that of the energy function F(s), and hence forms a CVT. The larger
the elements of 'y are, the smaller are the movements steps and more distance saving
is expected. However, as we will see, larger elements in I'y also result in a larger
number of deployment steps.

The introduction of the second order term p’T'yp in Eq. (2.3.1) requires that the
iterative gradient method employs the second order information of F(s) to character-
ize the movement step pyx. This leads to the application of Newton’s method [54].2

To solve for py, F(si + p) is approximated using Taylor’s theorem as
1
Flsi+p)~ F(si) +8(ss)'p+ 5P Hise)p, (2.3.2)

where H(sy) and g(sy) are the Hessian matrix and the gradient vector of F at sy,

respectively. Substituting Eq. (2.3.2) into Eq. (2.3.1) yields

Px ~ arg mpin (F(sk) +g(si)'p+ %pT(H(sk) - Fk)p> : (2.3.3)

2Newton’s method requires F to be at least C? [54]. A recent study [49] proved C? smoothness
of F in any convex and most non-convex 2D domains.
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Setting the derivative of the argument in the right hand side of Eq. (2.3.3) to zero,

we obtain the energy-efficient movement step (EE-step) as

Px = — (H(Sk) + Fk)il g(Sk). (234)

Computing the EE-step via Eq. (2.3.4) requires the computation of the Hessian
matrix and its inverse, which in general needs global information of sensor locations.
As will be shown later, this computation can be done via cooperation among sensors

in a distributed manner in mobile sensor networks.

2.3.2 Lloyd step vs EE-step

This subsection shows that the movement step in Lloyd’s method is an approximation
to the EE-step with a non-optimal choice of I'y. Furthermore, decreasing the step size
of Lloyd’s method leads to less traveling distance while maintaining the convergence
property.

Note that if the Hessian matrix H is a diagonal matrix, px can be computed dis-
tributedly. Let H' denote a diagonal matrix that only contains the diagonal elements

of H. Approximating H using H' yields

pr ~ — (H'(si) + Tr) ' g(su). (2.3.5)

Following the results in [7,36], the 7" element in the diagonal part of H is 2m; —6;,
where m; is the mass of the Voronoi cell V; in the k** iteration, and 6; is a positive

number (the exact form is described in [7,36]). Setting the i*" diagonal element of Ty
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to 6;, the movement step p; of the i** sensor in the £*" iteration becomes

pi=—(2m;—0;+0,)"'VF(s;), i=1,..,N. (2.3.6)

Substituting Eq. (2.2.2) into the above yields

Di = — (Qmi)_l Qm,(s, — Ci) = C; — S;, 1= ]_, ceey N (237)

which is equivalent to the movement step in Lloyd’s method as shown in Eq. (2.2.6).
The above implies that the movement step in Lloyd’s method is an approximation of
the EE-step — it is obtained by approximating the Hessian matrix by keeping only
the diagonal elements and choosing a specific form of T';, (i.e., setting the i'* diagonal
element of I'y to ;). This choice of I'y may not be optimal. In fact, we can expect
to save more distance by increasing the diagonal elements of I'y,. For example, if

we increase the " diagonal elements in I'j, to (2m; + 6;), then the movement step

becomes
1
D= 5(@ —s), i=1,..,N (2.3.8)
Equivalently,
1
Pk = §<Ck — Sk), (2.3.9)

which is half of the movement step in Lloyd’s method.

2.3.3 Lloyd-a Method

By choosing T'y, appropriately, we can set the EE-step to an arbitrary fraction, «, of

Lloyd step. This method is referred to as Lloyd-a method. The convergence of the
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method is shown in Proposition 2.3.1.

Proposition 2.3.1. Suppose the movement step of N sensors in Lloyd’s method is
given by a vector p = {p1,pa,...,pn}. If the sensors take a movement step p' =
{py, b, ..., Dy} satisfying that p;, = a;p;, oy € (0,1), Vi € [1,N] in all iterations,
k =1,2,..., then the sequence of sensor positions sy, Sa, ....Sk, .... converges to a CVT

of the target area.

Proof. Let T ={T1,Ts,...,Tn} denote an arbitrary tessellation of N sensors in the

area. We define

N
F(s,T) = Z/ =P ) da (2.3.10)
i=1 YT

When 7 = V, we obtain energy function (2.3.1). With the property of Voronoi

tessellation, we have

F(s,V) < F(s,7), (2.3.11)

with strict inequality if 7 # V. Let ¢ = {c1,¢q,...,cn} and m = {my, ma, ..., my}
denote the centroids and mass of V respectively. Applying the parallel axis theorem

[22], we can rewrite F(s,T) as

N
Fis,T) = Z/ o — il p() da + m; |; — ]l (23.12)

i=1 z€T;
Let 8" = {s],s},...,s\} denote the new positions of sensors in the beginning of

next iteration, i.e., s’ = s+ p’. Since p, = a;p; = a;(¢; — s;),; € (0,1), we have

/_
2

IIsi —cill = (1 — au) ||si — ci|| < ||si — ¢i]]. Together with equation (2.3.12), we have
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F(s',T) < F(s, T), (2.3.13)

with strict inequality if s is not a CVT. Let V' denote the Voronoi tessellation formed

by s, from equations (2.3.11) and (2.3.13), we have

F(' V)< F(S,V) < F(s, V). (2.3.14)

The above equation shows that new positions of sensors will decrease the energy

function until sensors form a CVT, which concludes the proof. O]

Simulation results show that compared to the original Lloyd’s method, Lloyd-«
method using partial step sizes saves traveling distance. However, it requires a larger
number of deployment steps. For example, if half of the movement step of Lloyd’s
method is used, i.e., & = 0.5, then the number of deployment steps is approximately
doubled. Thus, the excessive energy consumed in start/stop operations may cancel
out the energy saved in the traveling distance. This limits the application of this
algorithm only to the scenarios in which the cost of start /stop operations is relatively
low. The study in [49] shows that incorporating more information from the second
order term of the CVT energy function, i.e., the Hessian matrix, can achieve signif-
icantly less iterations before convergence (corresponding to less deployment steps in
our context). This motivates us to propose a new distributed algorithm, as described
in Section 2.4, that carefully chooses I'; to reduce both the number of deployment

steps and sensor traveling distances.
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2.4 Distributed Energy Efficient self-Deployment
(DEED) Algorithm

This section presents a new algorithm, named Distributed Energy Efficient self-Deployment
(DEED). It is an iterative algorithm where in each iteration a sensor moves accord-
ing to the EE-step. It has two main objectives: i) saving the traveling distances of
the sensors and ii) reducing the number of deployment steps. To achieve these two
objectives, ', needs to be chosen carefully. In the following, we first describe how to
choose I'y, and then describe how to compute EE-step in a distributed manner. In

the end, we present the workflow of DEED algorithm.

2.4.1 Choice of I';,

Recall that the EE-step is a movement step that minimizes the CVT energy func-
tion F in Eq. (2.2.1) such that the EE-step lies in the direction of decreasing F.
This implies that the matrix H(sk) + 'y in Eq. (2.3.4) needs to be positive defi-
nite [54]. Since the Hessian matrix H is sparse and is generally not positive definite,
the elements of 'y should be large enough to make the matrix H(sy) + I'y positive
definite. Reference [54] suggests that I'y can take the form of €I, where ¢ is a con-
stant. Furthermore, if ¢, satisfies that ¢, = 0 if the Hessian is positive definite and
€x = —Amin(H) + 0 if the Hessian is positive indefinite, where A, (H) denotes the
the minimum eigenvalue of H and § > 0 is a small positive constant, then I'y = .1 is
the matrix with the minimum Euclidean norm that makes H(sy) + I'y positive defi-
nite [54]. The study of [49] demonstrates this choice of ¢ is effective in reducing the
number of iterations. This choice of €, however, may not be favorable in saving sen-

sor traveling distances. Indeed in the above, € takes small values so that H(sy)+ '
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is close to H(sy) in order to reduce the number of iterations (i.e., deployment steps
in our context) [49] [54], while to save traveling distances, larger elements in 'y are
preferable as described in Section 2.3.2. To achieve the dual objectives of reducing
the number of deployment steps as well as saving sensor traveling distances, we set
I', = €,.I and choose the value of €, as follows.

Let a;; denote the element on the i row and j column of the Hessian matrix

H(sy) in the k' iteration. Then the value of ¢, is chosen as

€, = max{0, — min{a; — Z la;j|}}+9, (2.4.1)

J
where ¢ > 0 is a positive constant. If H, is defined as
H+ = H(Sk) + Fk = H(Sk) + 6kI, (242)

then it can be shown that the choice of ¢ in Eq. (2.4.1) makes the matrix H, positive

definite as stated in the following lemma.

Lemma 2.4.1. When setting € as in Eq. (2.4.1), Amin(Hy) > 8, where Apin(Hy)
denotes the minimum eigenvalue of Hy . In addition, the matriz H is positive defi-

nite.

Proof. We first prove the first statement. Recall Gerschgorin Theorem [39]. Let

matrix B € R™" be symmetric with eigenvalues Ay, ..., A,. Then

n
1<i<n 1<i<n e
J=1,j#i

where b;; is the element of B on the ith row and jth column.
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Let a;; denotes the element of H on ith row and jth column. let u; = Z;L:Lj i |

a;;|. Since Hy = H + €I, according to Gerschgorin Theorem, we have

)\min(H-i-) > min {E + a;; — Uj}

1<i<n
= (6 + 12111%1” {aii — UJ}> R
(1) if minlgign {CLii - Uj} < 0, we have ¢ = — minlgign {CLM' - 'LLj} -+ 6 and

)\min(H—i-) Z 57

(11) if minlgign {aii — Uj} > 0, we have ¢ = § and

)\min(H-i-) 2 1211‘2171 {aii — Uj} + 1) 2 d.
The second statement that H, is a positive definite matrix follows directly from above

and the symmetry of H. O

Setting €, as in Eq. (2.4.1) has the following three advantages compared to the
choice of ¢ in [49]. First, to save sensor traveling distance, the value of ¢ should not
be too small. When H is positive indefinite, ¢, in Eq. (2.4.1) is always larger than
—Amin(H) (see the proof of Lemma 2.4.1), and hence is more desirable in saving sensor
traveling distance. Secondly, the matrix H; and Ay, (H) are difficult to evaluate
in a distributed manner. The widely adopted methods that compute the minimum
modification to make the Hessian matrix positive definite (e.g., the modified Cholesky
factorization [54,64]) cannot be employed since they use centralized algorithms and

have high complexities. In contrast, computing ¢ is easy to implement on distributed
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sensors. It needs global consensus but requires much less overheads. Thirdly, as to
be shown in Theorem 2.4.1, such choice of ¢, leads to the convergence of the Jacobi
method which is the method used to distribute the computation.

Note that if a sensor is not within the communication ranges of its Voronoi neigh-
bors or the network is disconnected, the Hessian matrix H and ¢; may not be com-
puted correctly. The method described in Section 5 can be used to deal with such
cases.

The local convergence property of applying the EE-step on a general function is

shown by the following proposition.

Proposition 2.4.1. Let the function F(sx) satisfy the condition that its Hessian
matriz H 1s locally Lipschitz continuous around an optimal point set s*. Furthermore,
let the sequence {sy} and all elements of H be bounded in a finite domain. Then if
the starting point sq is sufficiently close to the optimal set s*, then the sequence of
iterative points generated by the solution of Eq. (2.3.4) and Eq. (2.4.1) converges to

*

s*, and the rate of convergence is at least linear.

Before proving Proposition 2.4.1, we first prove a lemma.

Lemma 2.4.2. Define s* as the optimal point of function F(s) where g(s*) = 0.
Consider any functions F(s) that is twice differentiable and whose Hessian matriz
H(s) is locally Lipschitz continuous with Lipschitz constant L around optimal point
set s* within region ||s —s*|| < r. Do iterations as sg11 = Sk + Pk, where px is
computed by py, = —H; ' (si)g(sk) and H, = H(sy) +exL. Then, if the starting point
so satisfies the condition ||sq — s*|| < r, the sequence of iterates sy follows inequality

below

* L * %
i1 =871 < o5 (llswe = s*[1° + 26 [l = s7]])
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Proof. We denote g(sk) and g(s*) as g and g* respectively. From the definition of

the iteration step and the optimality condition g* = 0, we have

Skt1 — S
= Sk+pp—s
= sk —s" — (H(sk) + EkI)_l 8k
= (H(si) +&l)™

[(H(sk) + exI) (sk —s™) — (g8r — &7)], (2.4.3)
According to Taylor’s theorem [54],
1
gk—8g = / H (s + t(s" — sk)) (s — s™)dt, (2.4.4)
0

Then choosing sg so that ||s — s*|| < r, for £ > 0 we have

I(H (si) + kL) (s —87) — (g1 — &7)l

= ‘/0 [H(sk) + ex] — H(sk + t(s™ — sk))]

(sk—s*)dtH
1
< /um@m—ﬂm+a§—&w+%>
0
I — 7| d
1
< / (Lt 5w — 8| + €) [|sx — 7 dt
0
1
= SLlsk=s"" +ex s — s, (24.5)
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Let Apax(H) denote maximum eigenvalue of H.

[(H(si) + D) 7| = Aax (H(sk) + 6I)7")
1
Amin (H (sk) + €I)

Since Lemma 2.4.1 tells us that Ay, (Hy) > §, we have

() + )| < 5 (2.4.6)

By substituting in (2.4.3) and (2.4.5), we obtain
k11 — 87| < 2—L5 (IIsic = 7| + 2ex [lsic = s7[1) - (2.4.7)
]

We now prove Proposition 2.4.1.

Proof. Let L denote the local Lipschitz constant of H. Since all elements in H are
bounded. Thus the value of € computed by (2.4.1) should be upper bounded. We
denote this upper bound as U,. Since the sequence {sy} are all bounded in a finite
domain, ||sy — s*|| should also be upper bounded. We denote the upper bound as Uy.
Then, following from Lemma 2.4.2, we have,

* L * 12 *
Isier =8 = 55 (Isic = s™[I" + 2¢ s — s7[])

S [7”51( _S*H?

where U = %. Choosing sy so that ||sy — s*|| < 1/(2U), we can inductively
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deduce that the sequence converges to s*, and the rate of convergence is linear.  []

It is seen from the proof of Proposition 2.4.1 that the local convergence rate
depends on €. A large ¢, will result in a linear rate of convergence which leads to a
larger number of deployment steps, while a small €, results in nearly quadratic rate

of convergence which leads to a smaller number of deployment steps.

2.4.2 Distributed Realization

This section describes how to compute the EE-steps distributively among sensors.
From Eq. (2.3.4) and Eq. (2.4.2), it is observed that the EE-step, pg, is the solution

to a system of linear equations

Hipr = —g(sk). (2.4.8)

Therefore, we can use distributed iterative methods such as the Jacobi method [38,51]
or the GaBP method [66] to obtain py. In this chapter, the Jacobi method is chosen
since it is simpler and more suitable for distributed sensor network applications.
The Jacobi method decomposes H, into two matrices, a diagonal matrix D and a

remainder matrix R, i.e., Hy = D+ R. Then Eq. (2.4.8) is rewritten as

(D+ R)pr = —g(sk)-

Multiplying D~! on both sides yields

(I + D 'R)pr = =D 'g(ss)-
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The Jacobi method uses an iterative approach. More specifically, let py(¢) denote the

tth

solution obtained at the ¢ iteration. Then,

pr(t+1) = —D ' (Rpi(t) +g(si)). (2.4.9)

Note that D = D'+ ¢, I where D’ is the diagonal part of the Hessian matrix H(sy).

Thus, we get

pe(t+1) = —(D' + &) " (Rpx(t) + g(sk)) - (2.4.10)

We observe two facts from the explicit formula of Hessian H [7,36]. First, H
is a sparse matrix in the sense that if two sensors are not Voronoi neighbors, then
the elements corresponding to these two sensors are zeros. Second, if the location
information of all the Voronoi neighbors is given, then each sensor can compute all
the elements of its corresponding two rows® of H and thus D’ and R.

Therefore, if the Voronoi neighbors can share the information of their movement
steps computed in iteration ¢ via communication and since g(s;) can be computed
distributively, the Jacobi iterative process in Eq. (2.4.10) can be carried out in a
distributed manner, though it needs more communication overheads. The Jacobi
iterative process converges to the solution of Eq. (2.4.8) when H, is strictly diagonally
dominant [51]. The following lemma states that this condition holds if the choice of

e follows Eq. (2.4.1);

Lemma 2.4.3. H, is a strictly diagonally dominant matriz if € is computed as in

Eq. (2.4.1).

3Note that since sensors move in two-dimensional space, there are two rows corresponding to
each sensor in the Hessian matrix.
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Proof. According to equation (2.4.1),

e if H is strictly diagonally dominant itself, ¢ = 6 and Hy = H + €l is still

diagonally dominant since 6 > 0.

e if H is not strictly diagonally dominant, i.e., there is at least one row k in
the H satisfying agp, — >, | agi |< 0, —min;{a;; — Zj |a;; |} > 0 and € =
—ming{a; — > ; |a;; |} + 9. It is trivial to show that for any row & that satisfies
apr — >, |ari|< 0, € = —ming{a; —Zj laij |} +0 > agr — >, | agi| since 6 > 0.
Hence, for those rows, we have € + agr, > Y. | ay; | which makes H strictly

diagonally dominant.
]

Combining Lemma 2.4.3 and the results in [51], we have the following theorem

regarding the convergence result of Jacobi method.

Theorem 2.4.1. The Jacobi iterative process in Eq. (2.4.10) converges to the solution
of Eq. (2.4.8) from any initial step vector and the approximate number of steps needed

for convergence s
1

In(Apax(D71R))

where Apax(D™'R) is the largest eigenvalue of the matriz D™'R.

Choice of the Initial Value p(0)

In order to reduce the number of iteration steps in the Jacobi method and thus the
communication energy consumption of sensors, the initial value, p(0), needs to be

chosen carefully to minimize the initial error. In our simulations in Section 2.6, the
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initial value is set to be the movement step computed using the Lloyd’s method ac-
cording to Eq. (2.2.6). In this way, sensors can compute the initial steps distributively

and the choice leads to a smaller number of iterations (~ 7) in our simulations.

Propagating ¢, Over the Network

Note that the Jacobi process requires €, to be known ahead. Since the max oper-
ation in computing ¢, in Eq. (2.4.1) needs global information, this requires extra
packet exchanges to propagate €, over the network which leads to excessive energy
consumption. To address this issue, observe that the max operation is over Hessian
rows. Thus, a simple method is proposed in which ¢, propagates together with the
Jacobi iterations. In this method, a sensor does not need to know the value of ¢
which is the global max before the Jacobi iteration. Instead, in the first iteration of
the Jacobi process, it computes € following Eq. (2.4.1) which is its local max, i.e.,
max value computed from its corresponding two rows. Then starting from the first
iteration, it always inserts the current local max to the packet used in Jacobi process
for message exchange. Other sensors will update their local max to the larger one
received. The method requires the sensors to send out their corresponding diagonal
elements in Hessian for their neighbors to update their steps with the updated local
max. In this fashion, the global max will spread over the network together with the
Jacobi packets without extra overhead. One should note that even when ¢ is not
propagated over all the network, the way ¢, is computed and propagated does not

violate the convergence property of Jacobi process shown in Theorem 2.4.1.
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2.4.3 Workflow of DEED Algorithm

In DEED algorithm, sensors move in iterations. The workflow of one iteration of the
DEED algorithm at each sensor is described in Algorithm 1. Each iteration starts
with a neighbor discovery phase, followed by a Jacobi phase to perform Jacobi com-
putations and finally a movement phase. The Jacobi phase is separated from neighbor
discovery phase as the Hessian information can only be known after the neighbor dis-
covery phase. The Jacobi phase is further divided into a predefined number of smaller
“computation” sub-phases, each of which corresponds to an iteration in the Jacobi
iterative process. In each Jacobi iteration, a new EE-step is computed using equation
(2.4.10). Then in the following movement phase, sensors take the movement step as
computed in the Jacobi phase. If a sensor fails to hear from one of its neighbors in

any computation sub-phase, it simply takes a Lloyd movement step instead.

2.5 Computing Voronoi Cells with Limited Com-
munication Range

The distributed Voronoi cell computation relies on the Voronoi neighbor informa-
tion [13]. However, in mobile sensor networks, the communication ranges of sensors
are limited. A sensor may not be within the communication ranges of its Voronoi
neighbors. As a consequence, the distributed computation of Voronoi cells may not
be feasible. Fig. 2.5.1(a) shows an example where S;, Sy, S3, Sy, S5 and Sg are six
sensors. The computed Voronoi cell of S; should be the polygon ViVoV3V, V5. How-
ever, since S is located outside the communication range of Sy and is not aware of

the existence of S5, it computes its Voronoi cell as the polygon V;V5V3V;s. This incor-
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Algorithm 1 One iteration of DEED algorithm at each sensor

>Discovery phase starts

: Discover neighbors and exchange locations with neighbors

>Discovery phase ends
>Jacobi phase starts

2: Compute the corresponding rows of the Hessian matrix and its Lloyd steps

10:
11:
12:
13:

14:
15:

16:
17:

18:

19:

for all computation sub-phases do
>Computation sub-phase starts
Delay a random period and exchange following information with neighbors

e ¢ (local max)
e diagonal elements on its row

e Lloyd steps for the first computation sub-phase or computed EE-steps at the
end of previous computation sub-phase

repeat Listen to the information from neighbors
if neighbor information received then
Save received EE-steps of the neighbor
if a larger € is received then
Update previous computed EE-steps and received steps using re-
ceived € and diagonal elements
Apply received e in future computation
end if
end if
until information of all neighbors received or the end of the computation
sub-phase is reached
if fail to hear from any neighbor then
Skip following computation sub-phases and set EE-steps to Lloyd steps
end if
Compute new EE-steps based on received EE-steps of neighbors using equa-
tion (2.4.10)
>Computation sub-phase ends
end for
>Jacobt phase ends
>Movement phase starts
Move according to EE-steps computed in the Jacobi phase
>Movement phase ends
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FIGURE 2.5.1: An example showing incorrect Voronoi cell computation due to limited
communication range of sensor R and the proposed algorithm to deal with limited
communication range.

rect computation of Voronoi cells may lead to oscillatory movement in both Lloyd’s
method and DEED; thereby increases the traveling distance and prevents algorithms
from converging. For example, in Lloyd’s method, we can see that S; moves more
than needed towards S5 and may travel back after it hears from 5.

To address the issue of distributed Voronoi cell computation, an intuitive algo-
rithm is proposed as follows. This algorithm is applicable to both Lloyd’s method
(the original Lloyd’s method and Lloyd-«) and DEED. Let R denote the communi-
cation ranges of sensors; a circle with radius R/2 and centered at a sensor is referred
to as the “R/2-circle” of the sensor. Clearly, if two sensors are out of the commu-
nication range of each other, then their R/2-circles do not overlap. In the proposed
method, each sensor uses the overlapped area of its computed Voronoi cell and its
R/2-circle as its Voronoi cell. For example, the resultant Voronoi cell computed by
S in Fig. 2.5.1(a) is the polygon ViVoV5V/V/ in Fig. 2.5.1(b). In this special case,

the resultant Voronoi cell is very close to the correct one. The intuition behind this
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algorithm is that the resultant Voronoi cell will not contain points that are in the
Voronoi cells of other sensors. In this way, a sensor with no neighbors will stay at
its position, while a sensor with incomplete neighbor information will take steps that
tend to form an even deployment within the connected neighbors bounded by the
R/2 circles of the sensor and its neighbors. Since there is no overlapped area between
the R/2-circles of two sensors out of each other’s communication range, the Hessian
matrix H and ¢, in Eq. (2.4.1) computed for DEED algorithm will be locally correct
within the connected part of the network. As the sensors spread out and learn about
new neighbors gradually, the global even deployment is finally achieved.

To make sure that all sensors finally compute their correct Voronoi cells and
form a global even deployment, it is assumed that in the final even deployment, the
R/2-circles of all sensors cover the whole area. In practice, if the boundaries of the
target area are known, then the required communication range R of sensors can be
computed a priori. Even if the boundaries are unknown, a larger area that contains
the target area can be used to compute the value of R. The transmission power of the
sensor can be adjusted to get the required R. In general, sensors may have different
communication ranges, the value of R here should be the minimum communication
range of all sensors. For a sensor with anisotropic communication range, the value of
R should be chosen as the radius of the maximum circle within the communication
range of the sensor.

One should note that in [71], an approach where sensor moves at most R/2 during
movement is proposed to solve the same problem. The method we proposed employs
the R/2-circle instead of limiting the step size is to approximate the actual Voronoi
cell so that the accuracy of Voronoi related computation can be improved.

From the simulations it is observed that Lloyd method and DEED algorithm do
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not converge in a large number of deployment steps if the network formed by the
initial deployment of the sensors is disconnected. When the above method is used to

deal with the limited communication range, then both algorithms converge quickly.

2.6 Performance Evaluation

This section compares the performance of Lloyd’s method and DEED algorithm
through simulation in NS-2 [2] (version 2.35). The simulation settings are described

first, followed by the simulation results.

2.6.1 Simulation Settings

The DEED and Lloyd’s algorithms are implemented in two agent models. The mobile
node model is used with minor modifications so that the agents can control the
movement of sensors directly. Sensors are synchronized by scheduling the start time
of their next step in every step.

The settings of the physical model follow IEEE 802.11p [4], the MAC protocol is
IEEE 802.11. The sensors use omnidirectional antenna. The two ray ground model
is used as the propagation model that considers reflection from the ground [59].

The computation of Voronoi partition is based on the “qvoronoi” program from
Qhull [3]. Modifications have been made so that the program can compute Voronoi
cells in a bounded region. At the end of the neighbor discovery phase, each sensor
calls the program and uses its collected neighbor information as the input to the
program. Thus, each sensor computes the Voronoi tessellation of the area from its

local point of view. Subsequently, each sensor determines the intersection area of the
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computed Voronoi cell and its R/2-circle, which is used as the Voronoi cell in the
computation of its movement step. To simplify the computation, the R/2 circle of

each sensor is approximated by a regular hexagon.

Stopping Criteria

In both algorithms, a stopping criteria is defined for the movement of sensors. If the
distance between a sensor and the centroid of its Voronoi cell (i.e., the movement
step of Lloyd’s method) is less than 1m, then the sensor stops moving. Thus, when
all sensors are close to the centroids of their Voronoi cells, i.e., close to a CVT, then
they stop moving and the even deployment is completed. The reason for choosing the
threshold of 1m as the stopping criteria is two-fold. Firstly, lowering the threshold
further leads to an increasing number of deployment steps with little progress towards
achieving a CVT. Secondly, based on the results obtained from the animation tool
— network animator (NAM) [2], it is observed that with this criteria, the sensors
visually form an even deployment. Furthermore, the deployment quality is visually

much better than using a larger threshold, e.g., 2m.

Energy Consumption

The energy consumption statistics is accumulated over three sources — communica-
tion, movement, and start/stop operations (roughly equals to the number of deploy-
ment steps). The unified energy consumption setting is used as that in [71]. The
moving distance and the number of deployment steps are normalized into message
complexity. Thus, the energy consumed by movement is presented by how many

packets can be transmitted with the same amount of energy. As calculated from
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Robomote [67], moving a sensor one meter consumes a similar amount of energy as
transmitting 300 messages. Thus, unless otherwise stated, the energy consumed by
movement is defined as 300 messages/meter. The energy consumption in start/stop
operations differs in different systems. In the unified energy consumption result as
reported later, unless otherwise stated, the start/stop operation is equivalent to move-

ment by one meter, i.e., 300 messages/step.

2.6.2 Simulation Scenarios

The simulations consist of two scenarios. The first scenario contains 100 mobile
sensors that have to be evenly deployed in a 500m x 500m area. In order to make
sure that the R/2-circles of sensors cover the whole area when they form an even
deployment, the communication ranges of sensors are set to 160m by adjusting the
transmission power of the sensors. The area is divided into three stripes with the
width of the middle stripe being 165m. The sensors are randomly distributed in
the other two stripes. In this way, the initial deployment of the sensors forms a
disconnected network topology. The initial deployment and desired deployment of
the scenario are shown in Fig. 2.6.1(a) and Fig. 2.6.1(b) respectively, both of which
are captured in the network animator (NAM) from one of the obtained results.

The second scenario contains 25 mobile sensors that needs to be evenly deployed
in a 200m x 200m area. Similarly, the communication ranges of sensors are set to
90m. As before, three stripe areas are used for initial deployment and the width of
the middle area is 95m.

For each scenario, all algorithms use the same initial locations and run one by one.

The simulation time is sufficiently long (approximately the time of 200 deployment
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(a) Initial Deployment (b) Final Deployment

F1GURE 2.6.1: Illustration of an initial and final deployment for the simulation scenario
with 100 sensors (results captured in NAM). The final deployment is obtained using
DEED.

steps) to make sure that all sensors achieve the steady state within the simulation
time. The process is repeated for 100 runs. In each run, we collect three statistics:
the traveling distance, the number of deployment steps, and the energy consumption
of sensors. These statistics are collected when all sensors stop.

Now we briefly discuss the choice of the lengths of the phases for the scenario
that contains 100 sensors (the same setting is used for the scenario that contains 25
sensors). In the neighbor discovery phase, the possible packet loss is dealt with a
simple mechanism. We let sensors send packets of their location information twice
and wait a random time period before any transmission. Since the transmission
time of one packet under the simulation setting is less than 1ms, the length of the
neighbor discovery phases is set to 10s, which is enough for all 100 sensors to complete
all transmissions. The speed of the sensor is set to be 1m/s. The length of the
movement phase is set to 750s so that all sensors can complete the movement before
next iteration starts. In DEED, the Jacobi phase consists of 3 computation sub-

phases. We let sensors send one packet in each computation sub-phase and set the
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FIGURE 2.6.2: Average travelling distance and number of deployment steps over 100
simulation runs for the scenario with 100 sensors.
length of the Jacobi phase to 10s. We choose multiple values for the positive constant
d in (2.4.1), and find that it has little impact on the simulation results. The results

reported below use § = 10.

2.6.3 Simulation Results

For both simulation scenarios, the results are generated from 100 simulation runs.
Both DEED and Lloyd’s method converge quickly when the method described in
Section 2.5 is used to adjust Voronoi cells to deal with limited sensor communication
range (when not using this method, both methods fail to converge within the given
simulation time). All simulation results reported below use the adjusted Voronoi cells.

For the sake of clarity, the simulation runs are indexed in increasing order accord-
ing to the average traveling distance under DEED algorithm.

Fig. 2.6.2, 2.6.3 and 2.6.4 presents the results generated from Scenario I with 100
sensors in a 500m x 500m area.

Fig. 2.6.2(a) plots the average traveling distance over all sensors for each sim-

ulation run. The “Optimum” curve represents the average length of the optimal
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FIGURE 2.6.4: Average message complexity and unified energy consumptions over 100
simulation runs for the scenario with 100 sensors (represented using the number of
messages that can be transmitted).

traveling path in Lloyd’s method, i.e., the average linear distance between the initial
locations and the final destinations in Lloyd’s method. It is to be noticed that the
traveling distance under DEED is closer to the optimum one. It results in 9%-40%
less traveling distances as compared to Lloyd’s method for all simulation runs with
an average saving of 19%. In comparison with Lloyd-0.8, the average distance saving
from DEED is 13%. Note that in some cases, DEED results in even less traveling

distances than the optimum one. This is because the sensors converge to different

destinations under DEED (recall that the CVT energy function can have multiple
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minima in the same area).

Fig. 2.6.2(b) plots the number of deployment steps for different algorithms. Ob-
serve that DEED requires similar numbers of deployment steps when compared to
Lloyd’s method and the average difference is small.

The performance of Lloyd-a method was also measured with respect to different
step sizes a. The results are plotted in Fig. 2.6.3 and are obtained by averaging
over all simulation runs. Fig. 2.6.3 (a) shows the average traveling distance vs the
Lloyd step fraction value «, while Fig. 2.6.3 (b) shows the total number of deployment
steps. As expected, more distance savings are obtained for smaller step sizes. Lloyd-a
algorithm requires approximately 1/« times the number of steps than that of Lloyd’s
method. Among the tested Lloyd algorithms, Lloyd-0.8 is considered the most energy-
efficient because it has the highest ratio of the distance saving over the increment in
the number of deployment steps. For comparison, the average traveling distance and
the number of deployment steps for DEED are also shown in Figs. 2.6.3 (a) and (b),
respectively. The results indicate that DEED outperforms Lloyd’s method and all its
variants in both the average traveling distance and the number of deployment steps.

Fig. 2.6.4 (a) plots the message complexity and Fig. 2.6.4 (b) plots the average
unified energy consumption over all sensors. As seen from Fig. 2.6.4 (a) and (b),
DEED requires more message exchange compared to Lloyd’s method and Lloyd-0.8
method due to the additional Jacobi phase; however, it still saves overall energy. This
is due to the less traveling distance under DEED. Lloyd-0.8 algorithm consumes more
energy on average than Lloyd’s method due to larger number of deployment steps.
When compared to Lloyd’s method, the energy saving from DEED is up to 28% with
an average saving of 13%. When compared to Lloyd-0.8, the average energy saving

is 15%.
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FIGURE 2.6.5: Unified energy consumption under different energy consumption models.

All the results presented so far assume that the energy consumption for moving a
sensor one meter and the energy consumption per deployment step are both equiv-
alent to the energy consumption of sending 300 messages. We next vary the energy
consumption model as follows. The energy consumption for moving a sensor one
meter is set to equivalence of sending either 300 or 600 messages; the energy con-
sumption per deployment step is varied to be the equivalence of sending zero (zero
energy consumption per deployment step) to 300 messages. The results are shown
in Fig. 2.6.5. Clearly, DEED saves energy under all the settings. It is to be noticed
that while Lloyd-0.8 consumes more energy than Lloyd’s method under the default
simulation settings, in other settings where the energy consumption of start/stop op-
eration is relatively low, Lloyd-0.8 requires less energy consumption on average due
to the distance savings when compared to Lloyd’s method.

The results obtained in the second scenario with 25 sensors in 200m x 200m area
are similar to those in the first scenario. We briefly summarize the result here. DEED
algorithm performs the best overall. When compared to Lloyd’s method, it saves up

to 54% traveling distance with an average saving of 28%. The energy saving is up to
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46% with an average saving of 18%.

We also explore different initial deployment settings, where sensors start from four
corners of the target area, e.g., in the 500m x 500m target area, initial locations of
sensors are set to be in four 100m x 100m squares located in the four corners of
the area respectively. The obtained results are similar and thus are omitted in the

interest of space.

2.7 Summary

In this chapter, we studied the problem of energy-efficient even self-deployment in
mobile sensor networks. In order to address the issue of energy-efficient deployment,
which is still a challenge in the widely used Lloyd’s method, a new algorithm, DEED
algorithm, is proposed. Simulation results demonstrate that DEED performs well in
different scenarios. Specifically, it leads to up to 54% less traveling distance and 46%

less energy consumption than Lloyd’s method.
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Chapter 3

Energy-balanced Mobile Sensor
Deployment to A Priori Known
Target Locations

3.1 Introduction

How to deploy sensors to achieve certain coverage goals, be it area coverage, point
coverage or barrier coverage, has been studied extensively in the literature. Typically,
the problem setting is to determine where to place the sensors under the assumption
that once the target locations are determined, sensors can be placed precisely at the
designated target locations. This assumption, however, may not hold in practice.
For instance, in hostile regions (e.g., remote harsh fields, disaster areas or toxic urban
regions), it is often infeasible to manually place sensors at designated target locations.
In such settings, sensors are often air dropped or projected into a region, with no

control on precise positioning. To achieve the desired coverage goals, one strategy,
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motivated by the availability of cheap mobile sensors (e.g., Robomote [67]), is to use
mobile sensors. Once the mobile sensors land in the region of interest, they employ
mobility to deploy themselves to the desired target locations. In this case, the problem
is to determine, for a given set of desired target locations and a set of mobile sensors,
which target location a mobile sensor should move to.

In the above scenario, while having only one sensor at each desired target location
suffices to achieve the coverage goal, allowing multiple sensors to move to a desired
target location provides additional benefits. This is because sensors are often battery
powered and hence have limited lifetime. Furthermore, sensors are prone to failures,
particularly in harsh environments. Therefore, allowing multiple sensors at a desired
target location is helpful to improve fault tolerance as well as prolong the sensing
time at the target location through role rotation [78]. The duration for which a
target location can be covered is the sum of the remaining energy of the sensors at
the target location (the remaining energy of a sensor is its original energy subtracted
by the amount of energy consumed to reach the target location). A natural question
in this setting is: for each sensor, which target location should it move to so that
each target location is covered by at least one sensor, and the duration for which
a target location can be covered is balanced? We henceforth refer to the problem
as energy-balanced mobile sensor deployment to a priori known target locations, or
DEPLOY problem for short. Since the starting locations of the sensors are not known
beforehand (the sensors are typically projected or air dropped into an hostile area),
the optimal solution cannot be obtained beforehand. Rather, it needs to be computed
after sensors are deployed.

The above problem formulation differs from existing coverage problems (see Sec-

tion 3.2 for more details). It can be used as a second step after solving a coverage
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problem to achieve the solution through sensor mobility in an energy balanced man-
ner. Surprisingly, this problem has not received much attention in the literature. In
this chapter, we take the first step in developing centralized algorithms to solve the
above problem. The computation can be done at one or multiple sensors, and the
solutions will be broadcast to the other sensors.

As we shall see, the above problem is a special case of Max-min Fair Allocation
(MMA) problem [6,15,29] (a known NP-hard problem, see Section 3.2). However,
most existing approximation algorithms for MMA requires solving a relaxed linear
programming formulation [6,29], which are computational intensive, and hence are
unsuitable for resource-constrained sensors. In this chapter, we propose light-weight
algorithms that are not less computational extensive than linear programming. Specif-
ically, we start with the simple scenario where sensors have the same starting location
and the same initial energy, and propose an optimal algorithm to solve it. We then
consider the generalized scenario, prove that the problem is NP-hard, and propose a
light-weight heuristic algorithm to solve it. Extensive simulation results demonstrate
that our heuristic algorithm achieves similar performance as the best known approx-
imation algorithm while being much more computation-efficient. To the best of our
knowledge, we are the first to formulate the above deployment problem, and propose
computational efficient algorithms to solve it.

The rest of the chapter is organized as follows. Section 3.2 describes related
work. Section 3.3 describes the problem formulation. Section 3.4 presents an optimal
algorithm when sensors have the same starting location and energy. Section 3.5
presents algorithms for the general scenarios where sensors have different starting
locations and energy. Last, Section 3.7 concludes the chapter and presents future

work.
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3.2 Related Work

We next briefly review several directions of research that are related to our study.

Coverage and mobile sensor deployment. Most existing studies on cover-
age problems in sensor networks is to determine the target locations of the sensors
to achieve certain coverage goals. Broadly, coverage problems fall into two cate-
gories [45]: static coverage, where sensors are static, and mobile coverage, where
sensors are mobile.

Depending on the coverage goals, static coverage can be classified into three
classes: area coverage (e.g., [10,37,73,79]), point coverage (e.g., [19,75]), and barrier
coverage [42,63]. The goal of area coverage is to place the sensors to cover an entire
area, the goal of point coverage (also referred to as target coverage) is to cover a set
of points (or targets), while the goal of barrier coverage is to let the sensors form a
barrier to prevent intruders from crossing the thin strip. Typically, deterministic so-
lutions for the above three types of coverage problems is to determine the minimum
number of sensors that are needed and the optimal target locations of the sensors
so that the coverage goal is achieved, and in some cases additional conditions (e.g.,
connectivity or k-connectivity) are satisfied. The assumption is that once the target
locations are determined, sensors can be placed precisely at the designated target
locations to achieve the coverage goals. When this is not the case (e.g., in hostile
conditions), several studies [16,17,25,80] assume that a large number of sensors are
randomly deployed in the region of interest, and study how to schedule the sensors
so that the lifetime of the sensor network is maximized. In our study, motivated by
the availability of cheap mobile sensors (e.g., Robomote [67]), we explore how to use

sensor mobility to move the sensors to the desired target locations (which can be
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predetermined by solving a coverage problem). Our solution can be used as a second
step after solving any of the above static coverage problems when manual deployment
of the sensors is not feasible.

In mobile coverage, the goal can be covering a region fully or sweep coverage [45].
In the first category, existing studies (e.g., [32,34,71,82]) move sensors iteratively and
step by step to achieve certain formation or to improve the quality of the coverage. In
these studies, the final target locations of the sensors are not known beforehand, rather
will be determined in the process. Our study differs from them in that we assume the
target locations (which are the desired target locations) are known beforehand. In
sweep coverage [45], sensors only need to monitor certain points of interest periodically
so that a small number of mobile sensors are needed to achieve sweep coverage among
a much larger number of points of interest. In our study, we focus on determining

which target location a sensor needs to move to, and sensors do not move afterwards.

Motion planning and navigation. Several studies in the robotics community
are on robot path planning and navigation (e.g., [14,62,69]). The goal is to plan the
path for a robot to move to a target location with a field of obstacles. Our study
differs from them in scope, and can be combined with them to determine the paths

for a mobile sensor after determining which target location a sensor should move to.

Max-min fair allocation. The DEPLOY deployment problem formulated in our
study is a special case of the Max-min fair allocation (MMA) problem as discussed
in [6,15,29]. An MMA problem considers m indivisible goods and n agents, where the
agents’ utilities for each good is given, and the goal is to fairly allocate goods to agents
(i.e., the utility of the agent with the minimum utility is maximized). The study in [6]

proposes an approximate algorithm for MMA with the best known approximation ra-
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tio. The approximation ratio, Q(1/(y/nlog®n)), is obtained by rounding the results
of a relaxed linear programming formulation (LP-relax) [6]. The time complexity of
the algorithm is lower bounded by the time complexity of solving the relaxed linear
programming formulation, for which the best known complexity is Q((nm)*°) [40].
Another algorithm proposed in [15] is based on maximal matching, and has approxi-
mation ratio of 1/(m —n+1). Both algorithms are computational intensive and thus

not applicable to resource constrained sensors.

3.3 Problem Formulation

Consider a set of sensors S and a set of a priori known target locations T'. As each
target location must be covered by at least one sensor, we have |S| > |T|. Let g,
and [ denote respectively the initial energy and the starting location of sensor s € S.
Sensors consume energy to travel from their starting location to their selected target
location. We assume that for a travel distance of d, the energy consumed is U(d)

where U(d) is a monotonically increasing function of d. Let ds denote the distance
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TABLE 3.3.1: Key notation.

Notation ‘ Definition

S set of sensors

T set of target locations

ls starting location of sensor s

Js initial energy of sensor s

Tst remaining energy of sensor s after reaching target loca-
tion t

e total remaining sensor energy at target location ¢

€min minimum total remaining energy over all target loca-
tions, i.e., the objective value

for sensor s to travel to target location ¢. Let ry denote the remaining energy of
sensor s if it travels to target location ¢. Then ry = gs — U(dg). If a target location
t is unreachable for sensor s, i.e., the energy depletes before sensor s reaches t, we
let 7oy = 0. If a sensor cannot reach any target location, it is excluded from the
computation. Similarly, if a target location cannot be reached by any sensor, then
we remove the target location from the computation. Henceforth, we assume Vs € 5,
there exists at least one target location, ¢, such that ry > 0. Similarly, Vi € T, there
exists at least one sensor, s, such that r,; > 0. An illustration of the problem is shown
in Figure 3.3.1. The key notation is summarized in Table 3.3.1 for easy reference.
Our goal is to determine which target location a mobile sensor should move to so
that each target location is covered by at least one sensor, and the duration for which
a target location can be covered is balanced. Let x4 denote whether sensor s travels

to target location ¢ or not. Specifically,

1, if sensor s travels to target location ¢
Tst =

0, otherwise
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Then the problem is formulated as

maximize: minger ) o TstTst
st. Y jer T =1,Vs €8

Tt & {0, ].}

The total remaining energy at a target location is the sum of the remaining energies
of the sensors that have moved to this target location, which is directly related to
the duration for which the target location can be monitored. We denote the total
remaining energy at target location ¢ as e;. Then, e, = ZSGS TuTs. In the above
formulation, the objective function is to maximize the minimum remaining energy
over all the target locations. The constraint specifies that each sensor travels to only
one target location. Clearly, at least one sensor has to move to a target location,
otherwise the objective value is zero, and clearly not optimal. When the number of
sensors is the same as the number of target locations (i.e., |S| = |T|), the problem
degenerates to the case where a target location is covered by exactly one sensor.
Henceforth, we refer to the above problem as the DEPLOY problem. We refer to a
solution to the DEPLOY problem as an allocation.

The initial energy of a sensor depends on its initial battery capacity. The initial
location of a sensor depends on the initial deployment. The sensors may be dropped
in packages; the ones that are dropped in the same package are placed closely to each
other. Sensors in the same package can communicate with each other. In addition,
at least one sensor in a package has localization capability; and the sensors that do
not have localization capabilities approximate their locations through the locations of

other nodes in the package (e.g., through range-free localization techniques [31,46]).
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In this chapter, we consider centralized solutions where the global knowledge of the
network is known; distributed solutions are left as future work.

We consider two settings, homogeneous and heterogeneous settings. In both set-
tings, we assume the target locations are known by all the sensors beforehand. In
homogeneous setting, sensors have the same initial energy and initial location. This
corresponds to a scenario where sensors that have the same initial battery capacity are
projected or dropped as a whole package to the initial location. In this setting, only
a single sensor needs to gather the global information, solve the DEPLOY problem,
and informs the solution to other sensors. In heterogeneous setting, sensors may have
different initial energy and/or different initial locations. When sensors have different
initial locations (i.e., they are dropped in multiple packages), the sensors in the same
package elect one leader (many leader election algorithms have been proposed in the
literature, e.g., [24, 53, 70]), which gathers the information of other sensors in the
package and communicate with the leaders in other packages. In this way, sensors in
the network can communicate with each other. Similar as the homogeneous setting,
only one sensor needs to gather the global information, solve the DEPLOY problem,

and informs the solution to other sensors.

3.4 Homogeneous Setting

In the homogeneous setting, i.e., when all sensors have the same initial energy and
initial location, we develop an algorithm to solve the DEPLOY problem and show
that it obtains the optimal solution. The algorithm, as shown in Algorithm 2, is

greedy in nature. It runs in steps. In each step, it finds the target location that
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has the minimum total remaining energy, assigns a sensor to it, and updates the
total remaining energy at this target location. The steps repeat until all sensors have
been assigned. This algorithm is a more generalized version of the progressive filling
algorithm that has been used to achieve max-min fairness [68]. The difference is that
the utility of the sensors to the target locations depends on the target locations, and

may not be the same. The complexity of the algorithm is O (|S||T).

Algorithm 2 Greedy algorithm (homogeneous setting)

1: while sensor set S is not empty do

2 find a target location ¢ that currently has the lowest total remaining energy.
3 assign a sensor s to t.

4: remove sensor s from S.

5: end while

6: output obtained allocation.

We next present a theorem that states a sufficient and necessary condition for an
allocation to be optimal in the homogeneous setting. We then show that Algorithm
2 is an optimal algorithm. In the homogeneous setting, the remaining energy of any
two sensors moving to the same target location is the same. That is, for any two

sensors s; and sj, T4 = T's;4, VE € T. We therefore use r; to denote r;.

Theorem 3.4.1. In the homogeneous setting, an allocation is optimal if and only if

it satisfies that

€ — €min <1y, VEET, (3.4.1)
where epin = Minger ;.

Proof. We first prove that if an allocation is optimal, then it satisfies inequality
(3.4.1). The proof is by contradiction. Consider an optimal allocation where the

target location that has the minimum total remaining energy is t*. . and the total

min?
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remaining energy at this location is e

“min*

Suppose that inequality (3.4.1) is not
satisfied under this allocation. That is, there exists at least one target location ¢

that satisfies e, — e, > 7. Then, we can reassign a sensor from target location ¢

*
min*

to target location ¢ In the new allocation, the total remaining energy at target

*
min

location t* . isincreased, while the total remaining energy at target location ¢ becomes

*
min*

*
min?

er—1 > e Hence the new allocation achieves an objective value larger than e

which contradicts with the assumption that the original allocation is optimal.
We then prove that if an allocation satisfies inequality (3.4.1), then it is optimal.

The proof is again by contradiction. Consider an allocation, X. Suppose that it

satisfies inequality (3.4.1), but is not optimal. Suppose the objective value of this

allocation is ey, and the target location that has the minimum remaining energy is

tmin. Let e, denote the objective value of an optimal solution, X*. Then €} ; > emnin.
Therefore target location t,,;, must have obtained more sensors in allocation X* than
what it gets in allocation X. This implies that, in X*, there exists (at least) one
target location other than t,,,, denoted as ¢, that gets at least one sensor less than
what it gets in X. Since X satisfies inequality (3.4.1), we have e, — ey < 14, VE € T,

in allocation X. Let e; denote the remaining energy of target location ¢ in allocation

X*. Then e}, <ef <e —ry < emm, contradicting with the assumption that X* is
an optimal solution. O

An example of inequality (3.4.1) is shown in Figure 3.4.1. In this example, we
use a bar to represent the remaining energy of a sensor. The total remaining energy
at a target location can then be represented as stacked bars. Fig. 3.4.1(a) shows
an allocation where inequality (3.4.1) is not satisfied. If we reassign sensor 4 from

target location 2 to target location 3, we can obtain a better allocation as shown in
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Location1 Location2 Location 3

Location1 Location2 Location 3

Sensor 4

Sensor 1
Objective value Sensor 1 Sensor 4 | New objective value
Sensor 5
Sensor 2 Sensor 5
Sensor 2
Sensor 8
Sensor 8

Sensor 3 Sensor 6
Sensor 9 Sensor 3 Sensor 6
Sensor 9

(a) Allocation not satisfying inequality

(3.4.1) (b) Allocation satisfying inequality (3.4.1)

FIGURE 3.4.1: The bars are used to represent remaining energy of sensors. Give an
allocation does not satisfying inequality (3.4.1), it is not optimal and there exists a
allocation satisfying inequality (3.4.1) which is optimal.

Fig. 3.4.1(b) which satisfies inequality (3.4.1) and is optimal.
It is easy to see that the allocation obtained by Algorithm 2 satisfies inequality

(3.4.1). From Theorem 3.4.1, we have the following corollary.
Corollary 3.4.1. The allocation obtained by Algorithm 2 is optimal.

We next show that Algorithm 2 also provides an optimal solution for incremental
deployment in the homogeneous setting, i.e., when some sensors have already been
deployed at the target locations, and a new set of homogeneous sensors (i.e., with the

same initial energy and initial location) need to be deployed.

Corollary 3.4.2. Algorithm 2 provides an optimal solution for incremental deploy-

ment in the homogeneous setting.

The proof follows directly that from Theorem 3.4.1 since the allocation of Algo-
rithm 2 satisfies inequality (3.4.1), and hence is optimal for incremental deployment

in the homogeneous setting.
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In addition to incremental deployment, the above corollary serves as the basis to
solve the limited heterogeneous setting where most of the sensors have the same initial
energy and initial location; only a small number of sensors are heterogeneous (i.e.,
have different initial energy and/or initial location). Specifically, suppose that there
are k heterogeneous sensors. If we know which target locations the £ heterogeneous
sensors travel to, then by running Algorithm 2, we can obtain the optimal allocation
according to Corollary 3.4.2. Thus in order to obtain a global optimal allocation, we
can enumerate all possible assignment of the k sensors and then run Algorithm 2.
The allocation with highest objective value is the optimal allocation for the limited
heterogeneous setting. Since there are |T|* different assignments of k heterogeneous
sensors, the algorithm runs Algorithm 2 |T'|* times on all regular sensors for each

possible assignments of k heterogeneous sensors. The complexity of the algorithm is

O (|S|IT]**1).

3.5 Heterogeneous Setting

In this section, we first prove that the DEPLOY problem is NP-hard in general. We
then present a light-weight heuristic algorithm to solve the general DEPLOY problem.
At the end, we propose two enhancing techniques that can be applied to the heuristic

algorithm.

3.5.1 Hardness of the Deploy Problem

Theorem 3.5.1. The DEPLOY problem is NP-hard in general. It remains NP-hard

when sensors have the same initial location but different initial energies or when
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sensors have the same initial energy but different initial locations.

Proof. We prove the lemma by reducing a known NP-hard problem “Big goods/Small
goods MMA” [29] (BS-MMA) problem, to DEPLOY problem. In BS-MMA problem,
we considers m indivisible goods and n agents, where the agents’ utilities for each
good is given and can be partitioned into two sets Gg and Gs. Let u(a,g) denote
the utility of agent a for good g. The utilities in such problem satisfy that for some
x> 1, u(a,g) =1if g € Gg and u(a,g) = x if g € G. The goal is to fairly allocate
goods to agents (i.e., the utility of the agent with the minimum utility is maximized).

We denote the DEPLOY problem where sensors have the same starting location but
different initial energies as DEPLOY — « problem. We denote the DEPLOY problem
where the sensors start from different locations but have the same initial energy as
DEPLOY — [ problem.

Suppose we have an optimal algorithm A, to DEPLOY —« problem and an optimal
algorithm Ag to DEPLOY — 8 problem. Our reduction is by showing that A, and Ag
are both optimal algorithms to BS-MMA problem.

Consider a BS-MMA problem with m indivisible goods and n agents. We can
design a DEPLOY — « problem in following way. We put n agent randomly at 2
random locations. We put all m goods at a single start location having the same
distance d from both agent locations. If a good g € Gp, its initial energy is set to
x 4+ U(d) and its remaining energy at any agent is z. If a good g € Gg, its initial
energy is set to 1+ U(d) and its remaining energy at any agent is 1. It’s easy to show
that the resultant problem is a DEPLOY — « problem and an optimal allocation to
the problem corresponds to an optimal allocation to the BS-MMA problem. Thus,

A, is optimal algorithm to the BS-MMA problem.
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Similarly, consider another BS-MMA problem with m indivisible goods and n
agents. We can design a DEPLOY — (3 problem in following way. We put n agents
randomly at 2 random locations. We put m goods at two start locations. Suppose all
goods have same initial energy g. One of the start location /; have the same distance
d; to two agent locations satisfying that ¢ — U(d;) = x. The other start location [y
have the same distance dy to two agent locations satisfying that g — U(ds) = 1. If
good g € Gp, we put it at [; such that its remaining energy at any agent location
is . If a good g € Gg, we put it at [ such that its remaining energy at any agent
location is 1. It’s easy to show that the resultant problem is a DEPLOY — /3 problem
and an optimal allocation to the problem corresponds to an optimal allocation to the

BS-MMA problem. Thus, Ag is optimal algorithm to the BS-MMA problem.

3.5.2 Heuristic Algorithm

We propose a heuristic algorithm for DEPLOY problem. This algorithm applies to
both heterogeneous and homogeneous settings, and it degenerates to Algorithm 2 in
homogeneous settings. Specifically, as summarized in Algorithm 3), this algorithm is
also greedy in nature and runs in steps. In each step, it finds the target location that
has the minimum total remaining energy, and allocates a sensor from the remaining
set of sensors to it. The choice of the sensor is also greedy in that the algorithm gives
higher priority to a sensor that is closer to the target location and has higher initial
energy. Specifically, it searches sensor initial locations in the order of increasing
distance to the target location, find the first initial location that has at least one

remaining sensor and chooses the sensor that has the highest initial energy. The
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complexity of the algorithm is O (|S||T?).

Algorithm 3 Heuristic greedy algorithm (general setting.)

1: while sensor set S is not empty do
2: find a target location ¢ that currently has the lowest remaining energy.
3: find a sensor s, closer starting location first, sensor with higher initial energy
first and assign s to ¢
remove sensor s from sensor set S
end while
output the obtained allocation.

We next show that Algorithm 3 satisfies two properties. Before that, we first show

that any optimal allocation provides a steady allocation, as defined below.

Definition 3.5.1. (Steady allocation) Let ey, denote the minimum total remaining
energy over all target locations, i.e., the objective value of an allocation. An allocation

15 steady if it satisfies

€t — €min S minsESt Tst, YVt € T, (351)

where S; is the set of sensors that move to target location t.
Lemma 3.5.1. An optimal allocation is a steady allocation.

Proof. The proof is similar to the proof for Theorem 3.4.1. The proof is by contradic-

tion. Suppose an allocation is optimal, with minimum total remaining energy e ...
*
min

and the target location ¢} . with minimum total remaining energy, but is not a steady

allocation. Then there exists at least one target location ¢t and a sensor s at ¢ that

*
min

satisfies e; — e > rg. In such case, we can remove s from target location ¢ and

*
min*

*
min»

assign it to target location ¢ Then in the new allocation, for target location ¢

its remaining energy is increased, while for target location ¢, its remaining energy
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becomes e; — s > €} ;.. Hence the new assignment achieves an objective value larger

*
min

than e

" ins contradicting with the assumption that el is optimal. ]

Proposition 3.5.1. When all the sensors have the same initial energy, Algorithm 3

outputs a steady allocation.

Proof. When all the sensors have the same initial energy, the closer the sensor to the
target location ¢, the higher the remaining energy of the sensor will have at t. Since
in Algorithm 3 target location ¢ always finds a sensors from a closer starting location,
target location t obtains sensors with their remaining energies at ¢ monotonically
decreasing.

Suppose that Algorithm 3 outputs an allocation X which is not steady, it implies
at least one target location ¢ violates inequality 3.5.1. We denote in this allocation
the target location with the minimum total remaining energy ey, as ty. Consider
the state right before ¢ obtains its last sensor x. In this state, t is the target location
with the minimum total remaining energy. It implies that in this state e; < ey, or
emin Will increase in the final state. In the final state, the sensor x has been allocated
to t and the total remaining energy at ¢ is e; + r,;. Since ¢ violates inequality 3.5.1
and r,; = mingeg, 7s; as we show previously, we have e; + ry; — emin > 72+ and thus

e; > emin Which contradicts to the fact that e; < epiy. O
We next show that Algorithm 3 outputs an optimal allocation in certain cases.

Proposition 3.5.2. When all the sensors have the same initial energy, if an allo-
cation obtained by Algorithm 8 satisfies that, for every target location t, the sensor
assigned to t is from the initial location that is closest to t, then this allocation is

optimal.
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To prove Proposition 3.5.2, we propose a lemma first.

Let [} denote the closest starting location of location t. We use r; to denote the

X

remaining energy of sensor at ¢ from . We use e;.;, to denote the objective value of

allocation X.

Lemma 3.5.2. Consider a location t in two allocations X and 'Y with total remain-
ing energy eX and e} . In X, kX sensors at location t are from t’s closest starting

locations. In'Y , kY sensors at location t are from arbitrary locations. We have (i) If

e <el, then K~ < kY. (ii) If kX > kY, then eX —e} > r}

Proof. Firstly we show statement i is correct. Suppose e < el and k% > kY. Then
in Y there is at least one sensor s satisfies that ry > r;, which contradicts to the fact
that [} is the closest starting location of t.

The correctness of Item ii can be shown by the fact that el < k¥Yr?. Then we

have e = kXr; —e) > (K% — kEV)r; > 1} O
We now prove Proposition 3.5.2.

Proof. Suppose allocation X with objective value ey, is not optimal, then there exists

*
min

an optimal allocation X* with objective value e*. > e,. It means that the t¢,,;, in
X must get at least one more sensor in X* according to Lemma 3.5.2 statement i.
Since the number of sensors is same in X and X*, this implies, among the locations
other than ¢,,;, in X, there is at least one location ¢ which get at least one sensor less
in X*. Let e; and e} denote the total remaining energy of ¢ in X and X* respectively.
We have e, — ef > 1}, ie., e < e, — 1] according to Lemma 3.5.2 statement 7.

Since the X is a steady allocation following Proposition 3.5.1, we have e; — r; < e,

based on equation 3.5.1. Then we have e; < e; —r; < enin, which means objective
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value of X is not smaller than the total remaining energy at location ¢ in X*. Thus,
the objective value of X™* cannot be larger than the objective value of X, which is a

sk
min > €min- D

contradiction to the assumption that e

3.5.3 Enhancing Algorithms

We next propose two enhancing algorithms that can improve the allocations obtained
from Algorithm 3. By the definition of steady allocation (Definition 3.5.1), we see
that if an allocation is not steady, we can always find a sensor that can be reassigned
to increase the objective value. The first enhancing algorithm is summarized in
Algorithm 4. It repeatedly finds and reassigns sensors as long as the current allocation

is not steady.

Algorithm 4 Enhancing algorithm — Reassign sensors

Input: an allocation
while the allocation is not a steady allocation do
locate the target location, ¢,,;,, that has the minimum remaining energy
locate a target location, ¢, that does not satisfy inequality (3.5.1).
reassign the sensor that has the minimum remaining energy at target location
t to tmin
update the allocation
end while
output the obtained allocation

/
min

Let enm and €. denote respectively the objective value before and after run-

/
min

ning Algorithm 4. Then it is clear that e/, > en (the equality only holds when
the original solution is already stable). Specifically, suppose that the target location,
tmin, has the minimum remaining energy, then after reassigning a sensor s from target
location t to tym, the total energy at t,;, will be increased by rs . > ryin. Algo-

rithm 4 will terminate when the current solution is steady. Before that, each round

69



of finding potential sensor and reassigning it will improve the objective value by at
least 7, = miny,, ry. Since the total amount of improvement is bounded (e.g., it
is no more than ) __. gs, where g, is the initial energy of sensor s), Algorithm 4 will
terminate in a finite number of rounds.

For an allocation obtained by Algorithm 3, it is possible that there are two sensors,
sensor s allocated to target ¢; and sensor s, to target to, satisfying that swapping the
assignments of s; and s, may increase both e;, and e;,. The second enhancing algo-
rithm (summarized in Algorithm 5) involves swapping two sensors that are assigned
to two different target locations. Since the allocation after such a swap may not be
steady. In such cases, we further run Algorithm 3 until the resultant allocation is
steady. The above procedure repeats until no two sensors need to be swapped. Since
each such procedure improves the objective value by at least a positive amount and
the total amount of improvement is bounded, it is clear that Algorithm 5 will after a

finite number of rounds.

Algorithm 5 Enhancing algorithm — Swap sensors

Input: an allocation
while there are sensors s; on t; and s, on ty satisfying that swapping s; with so
increases both e;, and e;, do

swap s; with ss, i.e., reassign s; to ¢y and reassign s to ty.

if the allocation is not a steady allocation then

run Algorithm 4 to update allocation.

end if
end while
output the obtained allocation
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3.6 Performance Evaluation

We evaluate the performance of our proposed algorithms using extensive simulation.
All simulations are done in our self-implemented simulator written in C++-. Specifi-
cally, we consider deploying mobile sensors in a 500m x 500m square region. There
are two types of sensors. The first type of sensor models the energy setting of reg-
ular sensor similar to that in Robomote [67]. That is, the initial energy is 26487]
(equivalent to the energy of three 1.5V AAA alkaline batteries (1635mAh). We use
b; to denote the number of batteries on these regular sensors, i.e., b, = 3. We also
modeled a second type of sensor that has higher initial energy: the initial energy is
equivalent to the energy of b, batteries, by, > 3. We use n; to denote the number
of regular sensors. The number of sensors with higher energy is denoted as n;,. We
assume energy consumption is a linear function of the traveling distance. The energy
consumption for traveling one meter is 28J as computed from Robomote. Thus, the
maximum traveling distance for the first type of sensors is around 946m, sufficient
for the deployment in the 500m x 500m area. We assume the sensors start from [
locations, with equal number of sensors at each location.

We consider two layouts of target location, each with 4 target locations. In the first
layout, the target locations are evenly placed in the square region, at target locations
(125,375), (125,125), (375,125), and (375,375). In the second layout, the target
locations are linearly placed, at (100, 250), (200, 250), (300, 250), and (400, 250). The

two layouts are shown in Fig. 3.6.1.
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FIGURE 3.6.1: Target location layouts.

3.6.1 Homogeneous Settings

In this section, we use the optimal deployment algorithm, Algorithm 2, in the sim-
ulation. We consider even layout of target locations as in Figure 3.6.1(a). In each
simulation run, homogeneous sensors start from the same location and have the same
initial energy. We compare the objective values of different initial energy settings,
i.e., different b;. To make a fair comparison, we set the total number of batteries to be
324 in all simulation runs. For b; ranging from [3,6, 9], there are 108, 54, 36 sensors
respectively.

We also tested the objective values using different starting locations for the sensors.
We limit the starting location of the sensors to be within one of 5 different starting
areas as shown in Figure 3.6.2. The distance to the center of the region decreases
from the Area 1 to Area 5. In each simulation run in one of the area, we randomly
generate starting locations sensors. The objective value of an area is averaged over
100 runs in the area.

Figure 3.6.3 plots the average optimal objective value result under different start-

ing areas of the sensors. We can see that the average objective value increases as the
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FIiGURE 3.6.2: Different starting areas of homogeneous sensors for even layout of target
locations.

starting area of the sensors become closer to the center of the area. This coincides
with our expectation as in even layout of target locations, the closer to the center,
the smaller the average travelling distance for sensors will be. Compared with Area
1, the average objective value for Area 5 increased up to 19%. We can also observe
that higher initial energy leads to better objective values. This is because the sensor
with higher initial energy carries the same number of batteries as multiple sensors
with lower initial energy, but it only move once and thus accounts for only one time
movement costs. Another observation is that the difference of objective values among
different starting points diminishes as the sensors starting closer to the center of the
area. At Area 5, the difference in object values under different starting points is quite
small. This is because the moving cost decreases as the sensors starting closer to the
center of the area. The saving of the moving cost of the sensors with higher energies

diminishes.
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FIGURE 3.6.3: Objective values under different number of initial batteries and different
starting areas.

3.6.2 Heterogeneous Settings

Small-scale Settings

In this section, we use the deployment algorithm for the general settings, Algorithm
3, in the simulation. We also evaluate the performance of enhancing algorithm 4
and enhancing algorithm 5. We consider totally 40 sensors starting from [ starting
locations, with n; = 10 and n;, = 30. There are 40/[ regular sensors per location and
[ ranges in [1,2,5,10]. At each location, there are 10/l sensors have higher initial
energy and b, = 6.

The objective values obtained by the algorithms will be compared with the optimal
solution, which is obtained by solving integer linear programming formulation directly
using IBM ILOG CPLEX [1]. For each [, we run Algorithm 3, Algorithm 4, Algorithm
5 and IBM ILOG CPLEX 100 times with random distribution of starting locations.

We present the objective values of Algorithm 3, Algorithm 4 and Algorithm 5

as normalized objective value, defined as the ratio of the objective value from our
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FIGURE 3.6.4: Objective values and normalized objective values of Algorithms 3, 4 5 for
even layout of target locations (b, = 6, n; = 30 and nj, = 10).

algorithms over the optimal objective value obtained using CPLEX. At each run, the
normalized objective values are computed for all three algorithms. The minimum,
maximum and the average of normalized objective values over 100 runs are collected
for each [.

We consider relatively small number of sensors (i.e., 40 sensors) because with
larger number of sensors (e.g., 100 sensors), some instances of the ILP formulation
may take days to complete on our testing platform, which makes it impossible for
us to collect sufficient results within reasonable time. We will consider larger scale
simulations with more sensors in later section, in which we will compare Algorithm 3
with another known approximation algorithm.

Figure 3.6.4 plots the normalized objective value ranges of Algorithms 3, 4, 5. We
use even layout of target locations as in Figure 3.6.1(a) with b, = 6, n; = 30 and
ny, = 10. Figure 3.6.4(a) and Figure 3.6.4(b) plot objective values and normalized
objective values respectively. In all of the simulation runs, the normalized objective
values are close to optimal. The normalized objective values are above 0.88 in all runs

for Algorithms 3. Both enhancing algorithm improves the simulation results. The
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FIGURE 3.6.5: Normalized objective values obtained by Algorithms 5 and optimal
objective values under different number of starting locations (1) and different number of
sensors with higher initial energy (ng), by, = 6

enhancing algorithm 4 improves the average to above 0.95. The enhancing algorithm
5 improves the average to above 0.96. The normalized objective value is best when
there is only one starting location, which is expected since the Algorithm 3 produce
optimal results when sensors are homogeneous. The result shows that the algorithms
still performs well in heterogeneous case.

We also evaluate the performance of Algorithms 5 under different number of sen-
sors with higher energy, i.e., different nj,. To make a fair comparison, we fixed the
total number of batteries to be 120. We set b, = 3 and b, = 6. The number of regular
sensor, i.e., the sensor with lower energy, can be calculated by (120 —ny, *6)/3. Both
regular sensor and the sensor with higher initial energy are evenly distributed at [
starting locations. Similar as in previous setting, we collect the normalized objective
value averaged over 100 random simulation runs for each data point.

Figure 3.6.5 plots normalized objective values obtained by Algorithms 5 and op-
timal objective values under different number of starting locations (1) and different

number of sensors with higher initial energy (n;). The ny; varies from 0 to 20. Fig-
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ure 3.6.5(a) plots the normalized objective values obtained by Algorithms 5. The
average normalized objective values are all above 0.96. The average normalized ob-
jective value is higher if all the sensors are same type, i.e., when n; = 0 or n;, = 0.
The normalized objective values are very close to optimal in all settings. An in-
teresting observation is that the optimal objective values increase if there are larger
number of sensors with higher energy or there are larger number of starting locations.
We plot the collected optimal objective values from CPLEX in Figurer 3.6.5(b) We
can see that the objective value increases as [ increases, which shows that the ran-
domly generated starting location helps with deployment when target locations are
evenly distributed. When n;, increase, the objective value increases as the energy
cost in moving batteries to target locations decreases. The difference is not large.
Using only sensors with higher initial energy, the objective values increase between
8% — 13% compared with using regular sensors only. Also, since mobile sensors are
prone to fail, only using a few sensors which carry large battery to save overall trav-
elling cost may fail to achieve deployment goal. It’s the trade-off one should consider
in the deployment.

We also evaluate the performance of the algorithms by using similar settings in
linear layouts of target locations. The results are similar to the even layout and
we briefly summarize the result. The normalized objective value after enhancing

algorithms are all above 0.92.

Large-scale Settings

In this section, we evaluate the Algorithm 3, Algorithm 4 and Algorithm 5 in large

scale scenario. In such scenario, solving integer linear programming formulation is
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FIGURE 3.6.6: Objective values of Algorithm 3, 4 and 5 and normalized objective values
over the best approximation algorithm under different number of starting locations (1).

not practical as some instances take forever to finish on our testing platform. Thus,
we implement the approximation algorithm with best known approximation ratio as
described in [6]. The algorithm requires to solve relaxed linear programming formu-
lation first and we use IBM ILOG CPLEX [1] to solve it. We denote the algorithm
as the best approximation algorithm.

We still consider even layout of target locations. We increase the number of sensors
to 200. There are [ starting locations, with 200/l sensors per location and [ ranges
in [1,2,5,10]. At each location, there are 50/1 sensors have higher initial energy and
b, = 6. We normalize objective values of Algorithm 3, Algorithm 4 and Algorithm 5
over the objective values of the best approximation algorithm.

We collect and compare normalized objective values of three algorithms. We also
collect results of running time ratio of the algorithms over the best approximation
algorithm, which shows how much times the best approximation algorithm is slower
than our algorithms. All data points are averaged from 100 random simulation runs.

Figure 3.6.6 plots the performance comparison of objecive values among Algorithm
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3, 4, 5 and the best approximation algorithm. Figure 3.6.6(a) and Figure 3.6.6(b)
plot objective values and normalized objective values respectively. We can see from
Figure 3.6.6(b) that all algorithms perform on average quite similar as the best ap-
proximation algorithm. The objective values of the best approximation algorithm are
around %1 better on average.

Figure 3.6.7 plots the performance comparison of running time among Algorithm
3, 4, 5 and the best approximation algorithm. We can see from Figure 3.6.7 that
the best approximation algorithm runs much slower than our algorithms. Under
our simulation setting, it takes up to 27 times more time in solving an instance
than the Algorithm 3. This is because that the approximation algorithm requires to
solve relaxed linear programming formulation, which itself runs much slower than the
Algorithm 3. Due to the big difference in computation complexity. It is expected
the difference will be even larger in larger scale settings. We also notice that the
Algorithm 5 takes much more extra time than Algorithm 4. Considering both the
objective value performance and the running time, Algorithm 4 should be a good

choice in most scenarios.
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3.7 Summary

In this chapter, we studied the problem that determines, for a given set of a priori
known target locations and a set of mobile sensors, which target location a mobile
sensor should move to so that each target location is covered by at least one sensor, and
the duration for which a target location can be covered is balanced. We proposed a set
of light-weight deployment algorithms that are suitable for resource-limited sensors.

Specifically, we start with the simple scenarios where all sensors have the same
starting location and initial energy or only a small number of sensors have different
starting location and initial energy, and propose optimal algorithms to solve them.
We then consider the general scenario, prove that the problem is NP-hard and propose
light-weight heuristic algorithms for the scenario. Extensive simulation results demon-
strate that our proposed algorithms either achieve close-to-optimal performance or
achieve similar performance as the best known approximation algorithm while being
much more time-efficient. As future work, we will explore centralized algorithms that
do not depend on the locations of the sensors. We will also explore distributed and

randomized algorithms.
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Chapter 4

Cost-efficient Target Monitoring
and Data Offloading through
Mobile Phone Sensing

4.1 Introduction

With the increasing prevalence of smart phones, mobile sensor networks formed by
mobile phones become a great alternative to traditional mobile sensor networks. The
richly equipped sensors can enable sensing applications in various domains such as
environmental monitoring, social network, health-care, transportation, safety, etc [41,
44). For example, The authors of [52] have proposed a system called SoundSense,
which collects sound events through mobile phone’s microphone. It uses various
learning techniques to classify the sound into different categories to recognize sound
events in users’ daily lives. The authors of [11] have built MoVi, which improves

social event coverage by capturing video highlights of users’ events. It detects the
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event by correlating the sensed data with the data from other phones in the same
social group. Once an event is confirmed, the phone with best view will be recruited
for taking the video of the event.

An important assumption in these delay-sensitive mobile phone applications is
that mobile phones can offload the data right at the sensing site, via either an available
WiFi access point or the cellular network. However, this is not always true. The
offloading capability of mobile phones is quite limited. Although WiFi network is a
fast and preferred way to offload the data, a free and unencrypted WiFi access point
is not easy to locate, even in the urban area. The authors of [60] have designed an
algorithm for delay-tolerant applications to store the data first and then offload the
data when users are close to an available WiFi access points. As for the delay-sensitive
applications, mobile phones may have to resort to the widely-available cellular network
to offload the data. The celluar networks, mostly referred to as 3G /4G networks, has
its own limitations. The offloading capability of a mobile phone on 3G /4G networks is
limited by its available data plans on the corresponding phone carrier. Since unlimited
data plans are no longer prevalent [48], often times the users will not be able to offload
the sensed data without limitation. Even the users have large available data plans, it
is reasonable to assume that they will not contribute all of their data plans in sensing
tasks.

In this chapter, we design a generic delay-sensitive system which employ mobile
phones to monitor the status of a set of targets. The status information of the targets
are sensed by the mobile phone and uploaded to a set of cloud servers for processing.
We assume mobile phones offload the data via the cellular networks and they have
limited 3G/4G data plans available. When the sensing task incurs large amount of

data and a mobile phone is unable to offload the data on its own, we propose the
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mobile phones to rely on opportunistic data exchange, such as Bluetooth and WiFi
ad hoc communication, to collaboratively offload the data. As all activities of mobile
phones in sensing tasks may incur certain cost, we also consider the cost during
the whole sensing process. The costs in the system include cost of data sensing,
data exchange and data offloading, which are all considered generic. For example,
the costs may be energy consumptions of phone activities, which directly impacts
the battery life of mobile phones. They may vary among different phones as the
energy consumptions of phone activities depends on the type of mobile phones and
the hardwares it is built with. The costs may also be the financial compensations
that the system has to pay to the participants on their phone activities. They may
also vary among different phones as different users may ask for different prices for
participation. The costs of the sensing tasks should be carefully managed or the costs
may become unacceptable to either system or user. User may not expect the sensing
task depletes its battery life and the system may not spend too much on a single
sensing task.

We study how to cost effectively schedule mobile phones to monitor a set of
targets and upload the collected data. The goal of the problem is to obtain a cost-
effective schedule of phone activities. We start with the offline problem, assuming
the trajectories of the phones are known beforehand. We propose to overcome the
limited data plan by resorting to opportunistic communication among mobile phones.
We then formulate the problem as a minimum cost flow problem and obtain optimal
solutions. We also consider cost fairness among phones by proposing algorithms to
balance the costs among the phones. We then investigate the online version of the
problems under realistic assumptions where only the past trajectories of the phones

are known. We develop two heuristic algorithms one aims to minimize cost while
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the other aims to achieve cost fairness. Extensive simulation results show that the
proposed algorithms perform well in terms of both minimizing total cost and achieving
cost fairness.

Our main contributions are:

e We propose a generic target monitoring system through mobile phones. The
system considers practical limitations of mobile phones such as limited 3G /4G

data plan and generic costs of phone activities.

e We propose optimal algorithms with idealized assumptions for two problems:
minimizing total cost and achieving cost fairness, respectively. They serve as

benchmark algorithms in performance evaluations.

e We propose heuristic algorithms with practical assumptions for both problems,

which renders these algorithms immediately applicable in practice.

The rest of the chapter is organized as follows. We describe the state of the art related
works in Section 4.2. We present the problem formulation and the main notations
used through the chapter in Section 4.3. We present optimal algorithms in Section
4.4. After that, we present heuristic algorithms in Section 4.5. We describe our
simulation settings and results in Section 4.6 and conclude the chapter in Section

4.7.

4.2 Related Works

Mobile phone have been the focus of recent attention in sensing and mobile computing

applications. Besides applications described in Section 4.1, The authors of [57] have
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proposed METIS platform. It implements a sensing task distribution scheme that
dynamically decides whether to perform sensing on the phone or in the infrastructure,
considering the energy consumption, accuracy, and mobility patterns of the user. The
authors of [74] have proposed StreamShaper. It employs mobile phones to collect the
environmental data, which provides a virtual sensor abstraction to applications. They
also proposed coordinating sensing algorithms to achieve quality requirements and
energy efficiency. The authors of [23] have designed a citizen journalist application
based on the proposed Platform for Remote Sensing using Smartphones (PRISM). It
provides location-based triggers to alert mobile phone users, who are in the vicinity
of a location of interest, to respond to the application so that the sensing data at the
location can be collected.

Target monitoring is also known as point coverage problems in sensor networks.
Different from other two types of coverage problems, area coverage and barrier cov-
erage, its objective is to cover a set of points [18]. Previous works on point coverage
problems mainly focus on deploying static or mobile sensors to achieve targets cover-
age goals [16,72]. In this chapter, we leverage the mobile phone sensing to monitor
the targets, which incurs minimal deployment costs. The coverage goal and mathe-
matical model of the system is completely different from closely related work such as
that in [65], which has developed a energy-efficient collaborative sensing model which
schedules mobile phones to achieve area coverage.

In this work, we also consider generic costs of phone activities. The generic costs
allow the system to be adopted in various applications since the costs involved in
sensing tasks may vary. For example, the authors in [65] considers the cost in terms
of energy consumption. The authors of [76] consider the cost in terms of incentives.

They have designed incentive mechanisms for mobile phone sensing to attract more
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user participation. There are two system models: the platform-centric model where
the platform provides a reward shared by participating users, and the user-centric
model where users have more control over the payment they will receive.

We address limited 3G data plans of mobile phones in this work as well. The down-
link limitation of 3G data plan of mobile phones has been addressed in a few works.
the authors of [30] have proposed to exploit opportunistic communications to facili-
tate information dissemination in the emerging Mobile Social Networks (MoSoNets)
and thus reduce the amount of mobile data traffic. In [60], the authors have proposed
to exploit delay tolerance and tries to download contents when users are close to
Wi-Fi access points. Our works differs from these work in that we consider uplink
limitation and uploading cost. In order to achieve system wide cost optimization, the
mobile phone sensing and data offloading should be considered at the same time. To
the best of our knowledge, we are the first to address both mobile phone sensing in

target monitoring and 3G data plan limitation together to minimize total cost.

4.3 Problem Formulation

We consider a mobile phone system consists of a small number of central cloud servers
and a large number of mobile phone users as participants in the system. The system
is primarily used to monitor a set of targets or small areas. Since the mobile phones
connects to the internet via either cellular or WiFi network, the cloud servers are
assumed to be capable of communicating with these participated phones at anytime.
We denote these small areas as N targets (points of interest). The system monitors

the targetss by periodically querying the status of the points. The cloud servers for-
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ward queries to the participating phones. The mobile phones then provide sensing
service for the system. The cloud servers, in turn, collect sensing data from the par-
ticipated phones. The system may choose to offer financial compensation to attract
participation of users. Such system could be easily deployed via a phone app.

The locations of the targets are assumed to be close to or along the roads so that
the mobile phone users that pass by can collect the sensing data. The phones users
may collect the sensing data actively by moving to the target point, i.e., through
participatory sensing. Alternatively, the system may forward the query of a specific
target to those phones which is currently at the target or may pass the target in
the near future and schedule the sensing. The phone will then be able to collect
the sensing data without user intervention, i.e., through opportunistic sensing. The
opportunistic sensing is quite user-friendly in that it does not put any requirement
on user actions. But due to the unpredictability of the users’ travel paths, the sens-
ing data may be missing or inaccurate. Also, some types of sensing data such as
pictures and videos, which requires users’ operations, may not be available in such
way. In contrast, the participatory sensing guarantees accurate sensing data and has
no constraints on the types of sensing data it can collect. Since it requires a lot of
user interventions, how to keep users engaged in the sensing will be a problem in
participatory sensing.

After the sensing data is collected by the phones, the system will take charge of
the scheduling of data offloading. When a phone is unable to upload all the sensing
data due to its limited data plan, the system will also schedule data exchange among
phones so that other phones can upload the remaining data with their available data
plan. The data exchange can also be achieved in an opportunistic manner in that

mobile phones exchange data when they get closer with each other.
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TABLE 4.3.1: Key notation.

Notation Definition

N number of target points

T time limit before status of all target points are uploaded

M number of participating mobile phones

l; data plan limit of phone

d; available data storage of phone 7

Cij sensing cost when phone i senses target j

0ij communication cost between phone ¢ and phone j per
data unit

w; data offloading cost per data unit

r communication rate for all data exchanges in data unit
per time unit

V set of vertices in flow network

E set of edges in flow network

fe amount of flow on edge e in flow network

Ce capacity of edge e in flow network

Ye cost of edge e in flow network

E™ set of edges incoming to vertex v in flow network

Egvt set of edges outgoing from vertex v in flow network

Since all phone activities, including data sensing, data exchange and data offload-
ing, may take a certain amount of time to complete. The system allows a tolerance
period T before the status of all targets get sensed and uploaded. The larger the

number of mobile phones traveling in the area, a smaller 7" may apply to closely

resemble the real time monitoring.

The key notation used through the chapter is summarized in Table 4.3.1 for easy
reference. We denote the number of participating mobile phones traveling around in

the area as M. The available data plan limit of phone 7 is denoted as [;. The available

data storage of phone i is denoted as d;.

Without loss of generality, we assume the size of the sensed data is the same at all

the targets and is set to 1 data unit. Most sensing tasks involve taking a snapshot of
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the data, such as taking a picture, measuring the temperature or noise level. These
activities usually can be completed instantly and takes only a small amount of time.
We assume that the phone ¢ can collect the sensing data of the target j as long as
the target falls in its sensing range. The opportunistic communication among mobile
phones can either rely on Bluetooth or WiFi techniques. WiFi is generally consid-
ered better as its communication range is relatively large and energy consumption is
relatively small. To simplify the model, we assume that the communication rate is
fixed among all opportunistic communications, denoted as r. It does not depend on
the distance between the phones that are involved in the communication or the signal
strength of the communication.

All phone activities involve certain cost. The sensing cost is denoted as ¢;; per
data unit. We assume that the phone 7 can exchange the sensed data with another
phone j in transmission range. The communication cost is denoted as o;; per data
unit. We assume that the phone i can offload the sensed data to the cloud server
anytime as long as the cellular network is available. The offloading cost is denoted as
w; per data unit.

A feasible schedule of phone activities should enable that the sensing data at all
targets are collected and uploaded to the cloud servers within time limit 7. The
optimal schedule should be the feaible schedule with the minimal cost among all
feasible schedules. The design goal of the system is to find the optimal schedule of
phone activities and apply it on the phones. We refer to the problem as Minimum
Cost Target Sensing problem, denoted as MINSENSE problem.

Minimizing the total cost of the system may no longer be a preferable goal when
we consider the cost of an individual phone. For a schedule that minimizes the total

cost, the cost of a particular phone may be much larger than those of other phones.
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We thus propose another design goal that is to find the optimal schedule of phone
activities that leads to fair costs among mobile phones. We denote the problem as

FAIRSENSE problem.

4.4 Optimal Algorithms

In this section, we formulate MINSENSE problem as a minimum cost flow problem
under an idealized assumption, i.e., we assume the trajectories of the phones during
time period T are known beforehand. We assume that we know mobile phones’
trajectories during the period 7. We can create a flow network based on mobile
phones’ trajectory then obtain optimal sensing schedule by solving the minimum
cost flow problem on created network. Although it is impossible to foreknow mobile
phones’ trajectories, the solution to the problem helps the design of our heuristic
algorithm as we will describe later. It also serves as our benchmark problem when we
evaluate the performance of the heuristic algorithms to be described in Section 4.5.

We now describe how to create the flow network G(V, E) based on mobile phones’
trajectories. We consider all mobile phone activities, including data sensing, data ex-
change and data offloading, as data transfers among target, phones and cloud servers.
Data exchange is considered as data transfer among phones and data offloading is con-
sidered as data transfer from phone to cloud server. Data sensing can be represented
as data transfer from target to phone. Naturally, we can use network flow to represent
the data transfers. We will firstly describe how to add vertices V' of flow network GG
and describe next how to add edges F among vertices.

There are mainly two types of vertices. The first type of vertices are target vertices.
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We add one vertex for each target ¢, denoted as a;. The second type of vertices are
phone vertices. If we simply adding one vertex for one phone, it will be difficult to
represent the sequences of data transfers. To account for the activity sequence, we
take a time-expanded approach. We adde multiple vertices for one phone along the
timeline. We evenly divide the period T to small time slots. The length of the time
slots should be sufficiently small so that any connectivity change among phones only
happens at the end of the time slot and there is no connectivity change within the
time slot. This is to make sure that the network topology within one time slot will
not change. The topology change within a time slot may lead to that an invalid data
transfer being considered or a better data transfer path is missed. The connectivity
change includes both the creation of a new connection and the disconnect of an
established connection. The new created connection may either be that a target
enters a phone’s sensing range or that a phone enters the communication range of
another phone. The disconnected connection may be that a target leaves a phone’s
sensing range or that a phone leaves the communication range of another phone.
Without loss of generality, we assume the length of the time slot is 1 time unit and
thus there are totally T" time slots. We then add 7" vertices for each phone, i.e., totally
T x M phone vertices. To represent the mobile phones’ activity over time period T,
the vertex representing the status of phone ¢ at jth time slot is denoted as p(; ;). In
addition, we add a virtual source vertex S and a virtual sink vertex D to the network.

The addition of edges basically follows the flow representation of data transfers
among targets, mobile phones and cloud servers. An directed edge between two
vertices represents a possible directed data transfer between the two. We denote the
flow amount on the edge e as f.. Specifically, if at time slot ¢, phone ¢ can sense

target j, we add an directed edge e from vertex a; to p(;s). The capacity of the edge
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is set to 1 and the cost is set to the sensing cost of phone 7 at target j, i.e., ¢;;. A
non-zero flow value f. represents that phone i senses target j at time slot ¢. The
phone 7 have exactly 1 data unit of sensing data at target j under our assumption. It
will be responsible for sending f. portion of sensing data at target j to other phones
or cloud server (data offloading). If at time slot ¢, phone i can send data to phone 7,
we add a directed edge e from vertex p(; ;) to p(;). The capacity of the edges is set to
the communication rate r, i.e., the amount of data unit can be transferred per time
unit, between two phones. The cost of the edge is set to the sum of communication
cost of two phones, i.e., 0;; + 0;;. A non-zero flow value f. represents that phone i
send f, amount of data in its data storage to phone j. Similarly, if phone j can send
data to phone ¢, we add a directed edge from vertex p(; ) to piys. For every phone
i and every time slot ¢ except last time slot, we add a directed edge e from p;; to
P+1)- 1ts capacity is set to amount of data unit phone i can store during period T,
i.e., d;. Its cost is set to 0. A non-zero flow value f. represents that phone ¢ holds
fe amount of data from ¢ to t + 1. For every target i, we add a directed edge from
virtual source S to a;. Its capacity is set to 1 and cost is set to 0. A non-zero flow
value f, represents that f, amount of sensing data at target ¢ is finally uploaded. If
fe = 1, one data unit of sensing data at target ¢ is fully uploaded. If f. < 1, it means
only f. amount of data is uploaded. For every phone ¢ at time slot T, i.e., the last
time slot, we add a directed edge e from p; 1) to virtual sink D. Its cost is set to the
uploading cost of phone 7, i.e., w;. Its capacity is set to phone i’s available data plan
limit, i.e., [;. A non-zero flow value f, represents phone ¢ upload f. amount of data
to cloud server at the end of period 7. Although mobile phones can complete data
offloading any time during the period T, we prefer them to do it at the end of 7" so

that cloud server can calculate optimal offloading schedule based on the sensing data
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FIGURE 4.4.1: An example scenario where there are two phones passing a crossroads and
two targets required to be monitored.
distribution.

An example is shown in Figure 4.4.1. There are two phones passing a crossroads,
denoted as P1 and P2. Their moving directions are shown in arrows. The communi-
cation ranges and sensing ranges are assumed to be same and are shown as dashed
circles. At time point 1, phone 1 can sense target 1 and phone 2 can sense target
2. At time point 2, after short movements, both phones fall into the communication
range of each other. Phone 1 can sense both targets while phone 2 can sense target
1. The created flow network is shown in Figure 4.4.2.

We now show that a maximum flow solution represents a feasible schedule of
phone activities to MINSENSE problem if the maximum flow equals to N. We have

the following lemma.

Lemma 4.4.1. If the mazimum flow on flow network G(E,V) is equal to N, the
mazimum flow represents a feasible schedule of phone activities to MINSENSE prob-

lem.

Proof. Tf the maximum flow equals to IV, it implies that the flow value of the incoming
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FIGURE 4.4.2: Time expanded flow network based on scenario shown in Figure 4.4.1

edge of vertex a; is 1 for all target i. Due to the flow constraint, there must be some
outgoing edges from a; that have non-zero flow values connected to one or more mobile
phones. Based on the way we create flow network G, it implies that all the targets
are sensed by one or more mobile phones.

If the maximum flow equals to IV, it also implies that the sum of flow values of the
edges from p; ) to D is N. Based on the way we create flow network G, it implies
that all the sensing data are uploaded by one or more phones, which concludes the

proof. ]

We can then define a minimum cost flow problem on flow network G(E, V). We
denote the set of edges outgoing from vertex v and incoming to v as E°“ and E™
respectively. We denote the capacity and cost of the edge e as ¢, and 7, respectively.
The linear programming formulation of MINSENSE problem, denoted as LP-MIN; is

as follows.
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minimize: E feve

ecE
st. > fo=N, (4.4.1)
€ Egut
Z fe= Z fe, Vv € V\{s, z} (4.4.2)
ecEin ec Egut
0< f.<c.,VeeFE (4.4.3)

We have the following theorem.

Theorem 4.4.1. If the mazimum flow on flow network G(V, E) is equal to N, the
solution of LP-MIN represents an optimal schedule of phone activities to MINSENSE

problem.

Proof. Since the maximum flow on flow network G(E, V) is equal to N, there exists
at least one feasible schedule based on Lemma 4.4.1. Due to the way we create flow
network G, the sensing cost, communication cost and uploading cost of mobile phones’
activities are associated with corresponding edges. The solution obtained by solving
the min cost flow problem LP-MIN represent a feasible schedule with minimum cost.
Thus the solution represents the optimal schedule of phone activities to MINSENSE

problem. O

We can create a similar flow network for the FAIRSENSE problem. Since the goal
is now to obtain the schedule with fair costs among mobile phones, the minimum cost
flow algorithm no longer applies. To obtain the schedule with fair costs, we take a

two steps approach. We firstly convert the problem to a max-min problem where the
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objective is to minimize the maximum cost among mobile phones. Let F; denote the
edge set where phone i incurs cost. It includes edges associated with data sensing,
data transmission and data offloading of phone 7 during the whole period T. The
linear programming formulation of this max-min problem, denoted as LP-MAXMIN

is as follows.

minimize: X

s.t. Z feve < X,V phone i (4.4.4)

ecE;

constraints (4.4.1)-(4.4.3) in LP-MIN

After solving the LP-MAXMIN problem, we obtain a fair cost schedule. Since
there can be multiple fair schedule with the same X value, the obtained schedule may
not be the one with the minimum cost. We add an additional step. We use X as an

input to the following linear programming problem, denoted as LP-FAIR.

minimize: E feve

ecE

s.t. Z feve < X,V phone 1

GEE,L'

constraints (4.4.1)-(4.4.3) in LP-MIN

Solving LP-FAIR formulation in addition to LP-MAXMIN ensures that we find the fair

schedule with the minimum total cost, which is the optimal schedule for FAIRSENSE
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problem.

4.4.1 Flow Network Optimization

In the flow network we create as above, there are multiple vertices for the same phone
at different time slots. If period T is relatively long or the time slot is relatively short,
the resultant flow network will be too large in scale for algorithms to compute solution
efficiently. We will now show that, instead of creating a set of phone vertices at every
time slots, we only need to create a new set of phone vertices only when there is
a connectivity change among mobile phones or among the mobile phones and the
targets. Specifically, consider the time points when there is at least one connectivity
change. We denote these time points as {1, t2,t3,...,t7}. There is no connectivity
change between two consecutive time points. We can create a reduced flow network
G(V, E) as follows.

Similarly as in previous section, we create N target vertices, a virtual source S
and virtual sink D. As for the phone vertices, for every time point ¢; and phone i,
we create a phone vertex p(; ). Edges are created in a similar way as in previous
section except that time points used are {¢i,ts,%3,...}. For the edge between two
phone vertices at time point ¢, the capacity is set to r X (tg11 — tx), i.e., the amount
of data unit can be transferred during period t;,1 — t; between two phones.

We have following lemma.

Lemma 4.4.2. Consider a set of phones and their trajectories in period T'. We denote
the flow network created as described in previous section as G and the flow network
created following description in this section as G'. A solution A to the minimum cost

flow problem on the flow network G can be converted to a solution A’ to the minimum
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cost flow problem on the flow network G’ and vice versa.

Proof. A and A’ are inter-convertible implies that flow amount and paths in A and
A’ are inter-convertible. Consider converting edges in A to edges in A’. We only
need to show that edges among targets and phones and edges among phones are
inter-convertible between A and A’. Consider a time point ¢, when at least one
connectivity change happens and its following period ¢y, — ¢, without connectivity
change. Since there is no connectivity change within time slots of graph G, t; should
be start of some time slot in G.

Consider edges outgoing from a target ¢ with non-zero flows in A during 5,1 — t.
Since we assume that phone can get all sensing data instantly once connection between
the phone and the target is created, for target ¢, the corresponding outgoing edges in
A to phone j can be combined into one edge with sum of the flows to phone j at time
tx. The sensing costs are the same as before. All the outgoing flows from phone j
during ¢, —t; in A will not be affected as phone j hold all the data at the beginning
of the period.

Consider edges from phone i to phone j with non-zero flows in A during 51 — .
We can combine these edges into one edge from phone i to phone j at t; the capacity
as the sum of the capacities and the flow as the sum of the flows. The communication
costs are the same as before. If we combine all such edges during tx,1 — i, all such
edges will be removed and there is only one edge between any pair of phones. All
flow amount remain same as the sum of the flow values is used as the new flow value
on combined edges. Since there are no connectivity changes during tx,1 — t, if two
phones are connected at ¢, then they are connected at all time slots during 51 — t%.

Any flow paths in A will not be affected in converted A.
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Notice that by combining edges, we convert a solution A into a solution A’ with
same flow amounts and same flow paths, which concludes the proof of conversion

from A to A’. The conversion from A’ to A is similar and is omitted. O

With Theorem 4.4.1 and Lemma 4.4.2, we then have the following theorem which
shows that minimum cost maximum flow on the reduced flow network is an optimal

schedule to MINSENSE problem too.

Theorem 4.4.2. If we create flow network G(V, E) as described in this section and
the mazimum flow on G is equal to N, the solution of LP-MIN is an optimal schedule

to MINSENSE problem.

4.5 Heuristic Algorithms

Since it is impossible to foreknow the trajectories of the mobile phones, optimal
algorithms may not be directly applied in practice. In this section, we propose several
practically feasible heuristic algorithms to solve both MINSENSE and FAIRSENSE

problems.

4.5.1 Estimation-based Algorithms

Although foreknowing the trajectories of the mobile phones cannot be achieved, we
can always estimate and predict the trajectories of mobile phones. The estimation
can be based on mobile phones’ current trajectories and other status information such
as traveling speed and moving direction. The estimation may apply some predefined

patterns such as walking along the road with current speed without turns. If the
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mobile phone user happens to pass the area frequently, historical moving pattern may
also help with improving the accuracy of the estimation. The existing trajectories
can be obtained from mobile phones, e.g., we may ask mobile phones to report their
locations to cloud servers periodically via built-in GPS, which is widely available
nowadays on phones.

The estimation-based heuristic algorithm is described in Algorithm 6. The mobile
phones are required to report their status information periodically for cloud servers
to estimate their moving trajectories. The algorithm runs periodically during time
period T'. Every time when it runs, it firstly estimates phones’ trajectories and creates
flow network based on estimated trajectories. It then solves LP-MIN formulation and
send obtained schedule to mobile phones for execution.

Since the algorithm runs for multiple rounds, in later rounds, mobile phones may
have already had some data stored in their storage. It may either be collected by
sensing the target or transmitted from another neighbor in previous rounds. If we
don’t consider these previous phone activities in creating new flow network, it may
cause problems. For instance, a target may have been sensed and its data is now in
the data storage of phone . The obtained schedule on newly created flow network
may still ask some phone to sense it as it has never been sensed before, although
phone i may simply upload it at the end of T. To reflect previous phone activities
in new flow network, we take an approach where we treat previous phone activities
as edges in the new flow network. Specifically, in addition to normal status that
are useful for trajectory estimation, we require phones to report their activities in
previous report periods. When we create new flow network at time ¢, we create a
flow network starting from start of the period 7. We create all edges as normal for

time period after t. As for the edges corresponding to the time period prior to ¢, we
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only keep those edges that are “executed” by the phones. The capacities on these
edges should be set to the actual amount of data in the corresponding data transfer.
For instance, suppose phone 7 sensed target j at previous time slot ¢;. And suppose
phone k send x unit of data to phone [ at previous time slot t,. When we create new
flow network, other than the edges and vertices based on predicted trajectories, we
also add a edge from a; to p,) with capacity 1 and a edge from p ,) to pg,) with
capacity .

Due to the unpredictable nature of phones’ trajectories, it is unavoidable that
a mobile phone may miss some scheduled phone activities. To decrease the chance
of missing a scheduled activity for phones, we may require phones to report their
locations more frequently and require cloud servers to calculate and push the new
schedule more frequently. This may result in more energy consumption of phones
due to the frequent communication with cloud server and frequent use of GPS device,
which is rather energy-hungry. A possible way to decrease the energy consumption is
to use GPS less and apply method as introduced in [21]. It relies on the information
from inertial sensors (such as accelerometer and digital compass) of mobile phones to
approximate current location. The phones only need to use GPS once when it enters
the area.

To avoid unnecessary transmissions and save communication cost, in any data
exchange, the sender should always send only the data that the receiver currently
does not have. The information can either be retrieved from the cloud server or right
before the data exchange time.

We found that in our simulation, employing FATIRSENSE in estimation-based al-
gorithm results in a large number of sensing / communication failures when the tra-

jectory estimation is not accurate, which leads to ineffectiveness in balancing phone
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Algorithm 6 Estimation-based algorithm

1:
2:
3:

10:

11:
12:

13:
14:
15:
16:

repeat
predict mobile phones trajectories based on mobile phone’s status report.
create flow network based on predicted trajectories starting from beginning of
the period T
remove all edges prior to current time.
if previous actions are executed by some mobile phone i then
Add a edge for corresponding action with capacity set as the data amount
collected / transferred.
end if
solves LP-MIN or formulation and send solution to mobile phones.
for all mobile phone 7 do
if a non-zero flow is found on 7’s incoming or outgoing edges from now to
next report time or 1" then
execute actions.
report actions executed and data amount collected / transferred at next
report time.
end if
end for
wait until next calculation time.
until end of the period T
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costs. We further propose an adaptive cost algorithm in next section to balance the

phone cost with the help of MINSENSE.

4.5.2 Adaptive Cost Algorithm

In order to achieve the cost fairness, the estimation-based heuristic algorithm tries to
achieve cost fairness by solving max-min problem LP-MAXMIN. In this section, we
propose an adaptive cost algorithm which takes an alternative approach, as described
in Algorithm 7. The algorithm runs in multiple rounds. It dynamically adjusts the
cost of phones in each round and run minimize cost formulation LP-MIN. The cost
of a phone will be increased in the current round if it participates in some activities
in previous round. With the cost adjustment, when solving LP-MIN in the current
round, the probability the phone gets selected in activities will decrease. It gives other
phones opportunities to participate and thus balance the cost among all phones. As
the costs of phones are fixed and will not increase, the costs of phones should still be
calculated based on their actual costs.

The cost v of a phone could be adjusted by any predefined functions F(v). To
balance the costs among phones, the F () should be monotonic increasing function of
. A simple choice could be F(7y) = ay, & > 1. When « gets closer to 1, the algorithm
produces the schedule that is close to the goal of minimizing cost. The larger the «a
is, the algorithm gets more aggressive in balancing the costs among phones. This also
provides us with the opportunities to adjust the costs to achieve the different design
goals of the system.

An interesting variant of the algorithm is to decrease the cost of certain phones.

The algorithm will pick the phone more frequently than other phones. This may
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be useful when there are phones that can provide the data with better quality than

that provided by other phones. For instance, such “phone” could be a special patrol

vehicle equipped with high quality sensors that shuttles back and forth among target

points.

Algorithm 7 Adaptive cost algorithm

1:

10:

11:
12:

13:
14:
15:
16:
17:

repeat
predict mobile phones trajectories based on mobile phone’s status report.
create flow network based on predicted trajectories starting from beginning of
the period T
remove all edges prior to current time.
if previous actions are executed by some mobile phone ¢ then
Add a edge for corresponding action with capacity set as the data amount
collected / transferred.
end if
solves LP-MIN formulation and send solution to mobile phones.
for all mobile phone ¢ do
if a non-zero flow is found on i’s incoming or outgoing edges from now to
next report time or 7" then
execute actions.
report actions executed and data amount collected / transferred at next
report time.
adjust its cost v with function F(7)
end if
end for
wait until next calculation time.
until end of the period T’

4.5.3 Baseline Algorithm

We also designed a baseline algorithm as described in Algorithm 8. The algorithm

is primarily used for performance comparison in our simulations. It is an algorithm

trying to complete sensing tasks without much consideration of the costs. The al-

gorithm does not require phones to periodically report their locations. The cloud
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servers only send notifications to phones so that phones know that how much of the
sensing data of targets has been uploaded. The phones senses the target whenever
a target is in sensing range and the data of the target has not been fully uploaded.
It uploads whenever there is data in its storage when it still has available data plan
left. If it has data in storage not uploaded either due to limitation of data plan or
transmissions from other phones, it sends the data out to every phone it meets when
it allows.

To avoid unnecessary data transfers, in any data exchange, the sender should
always send only the data that the receiver currently does not have. Also, all phones
get notified when any portion of the data gets uploaded by some phone. The phone
erases the data portion in its storage when server notifies that the portion has been

uploaded.

Algorithm 8 Baseline algorithm

1: for all mobile phone do

2 repeat
3 if the data in storage that has been uploaded then
4: discard the data.
5: end if
6: if a target is in range and the data of the target has not been fully uploaded.
then
7: sense the target.
8: end if
9: if there is data in storage and data plan is still available then
10: upload the data as much as possible
11: end if
12: if there is data in storage and other phones is in range then
13: for all other phones do
14: send as much as possible data that are not on the receiving phone
15: end for
16: end if
17: until end of the period T’
18: end for
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FIGURE 4.6.1: Simulation region at Manhattan, NYC between East 48th and East 52nd
street, 3rd and 5th avenue (obtained from Google Map)

4.6 Performance Evaluation

In this section, we evaluate the performance of the various algorithms through simula-
tion. We pick a region from Google Map as the target region as shown in Figure 4.6.1.
The region is located in Manhattan, NYC. It is a rectangular area between East 48th
and Fast 52nd street, 3rd and 5th avenue. The length and width fo the region, ob-
tained with the help of Google Map API, are 624 meter and 316 meter respectively.
There are totally 9 intersections in the region and we pick 5 targets as shown in circles
in Figure 4.6.1.

The sensing range and communication range of mobile phones are both set to 40
meters. Data transfer rate among phones is set to 0.5 data unit per second. As our
algorithms may be associated with different types of cost such as energy consumption
and financial compensation. We take a generic approach in choosing cost values in
our simulations. The costs of data sensing, data exchange and data offloading are all
randomly picked from {1.0,3.0}. Available data plan of mobile phones is randomly

picked from {0.1,0.3} data unit. Each target has 1 unit of data required to be
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uploaded in 15 minutes.

The mobility model we use to generate mobile users moving trajectories is similar
to the well-known Manhattan model [8]. Specifically, each user is assumed to enter
the target region from a road at a random time in the first 10 minutes, randomly
pick a speed from {0.5, 1.5} meters per second and start moving into the region. The
user always move towards the intersection, and then when arrives at the intersection,
he moves straight ahead with a probability of 50% and turn left or right with equal
probabilities (i.e., 25%).

We compare the proposed heuristic algorithms with the optimal solutions for both
the Minsense and Fairsense problems (see Section 4.4). In both Algorithm 6 and 7,
the algorithms estimate the trajectories of phones following a simple pattern that the
phones walk straight without turns. The cloud servers start considering a phone in
computation only after it enters the region. Algorithm 6 runs MINSENSE optimal
algorithm in each round. Algorithm 7 use cost adjust function F(vy) = ary. The cost
multiplier, «, ranges from 1.05 to 1.25. The mobile phones report their status to
cloud servers once per minute and the cloud server pushes the new schedule to mobile
phones every minute.

In the simulation scenario, we increase the number of phones from 45 to 75 with
5 as the step size. The total available data plan limit of all phones are approximate
from 9 to 15 data units (recall that data plan limit is randomly picked from {0.1,0.3}
data unit). For a specific number of phones, we randomly generate 10 trajectories of
phones and the data points collected for all algorithms are averaged over 10 scenarios.

Figure 4.6.2 shows the result of total cost of the three algorithms under different
number of phones. We can see that the MINSENSE optimal algorithm saves most as

expected, up to 80% compared the baseline algorithm, Algorithm 8. Both Algorithm
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FIGURE 4.6.2: Total cost of algorithms under different number of phones.(o = 1.25)
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FIGURE 4.6.3: Average cost of different phone activities with 50 phones.(« = 1.25)
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6 and 7 perform much better than the baseline algorithm. The savings of Algorithm
6 and 7 compared to the baseline algorithm are up to 67% and 65% respectively.
The overall cost of all algorithms tends to decrease as number of phones increases.
With more phones that are available to be chosen, cloud servers has higher chance
to pick the phones with lower cost for the same task. The overall cost of Naive
algorithm increases together with the number of phones. The baseline algorithm also
have higher chance to complete uploading all data earlier before it spends more costs
on data exchange.

Figure 4.6.3 shows the result of the average cost of different phone activities with
50 phones. We can see that baseline algorithm spends lots of cost on data exchange,
almost 40 times more than other algorithms. Without the schedule optimization, the
mobile phones under baseline algorithm have to disseminate data as much as possible
so that the sensing task will not fail. Compared to baseline algorithm, Algorithm
6 and 7 saves 30% and 22% data sensing cost respectively. They both save 16% on
data offloading cost. Compared to MINSENSE optimal algorithm, Algorithm 6 and
7 spends more on data sensing tasks. This is because that there are few phones
available at early stage of the simulation, cloud servers has no knowledge that more
phones are coming to the area and thus the phones have to sense target whenever
in range. The uploading costs of Algorithm 6 and 7 are quite similar to MINSENSE
optimal algorithm as mobile phones only upload at the end of the period, right after
they receives the optimal schedule from cloud servers.

Figure 4.6.4 shows the cost fairness of all algorithms under different number of
phones. Figure 4.6.4(a) shows the variance of the costs among all phones. As ex-
pected, the FAIRSENSE optimal algorithm produces fairest schedule. Compared to

baseline algorithm, Algorithm 6 and 7 achieves 1.8 and 2.3 times smaller in terms
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FIGURE 4.6.4: The variance of the costs among phones and the maximum individual
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FIGURE 4.6.5: The trend of variance of costs and total costs under different cost
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of variance respectively Figure 4.6.4(b) shows the maximum individual phone cost

among all phones. The performance of all algorithms in terms of maximum individ-

ual phone cost matches that in terms of variance of the costs.

We also evaluate the performance of Algorithm 7 under different cost multiplier

a. Figure 4.6.5 shows how the variance of costs and total costs change over different

cost multiplier . Figure 4.6.5(a) shows the trend of variance of costs. As expected,

the variance decreases, i.e., the fairness of costs increase, as the multiplier increases.

We notice in Figure 4.6.5(b) that although not always, the total costs increase slowly
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as the multiplier increases. This demonstrates that balancing the costs among the
phones may incurs extra cost. This is because that a phone with low cost in current
round may not be preferred in next round as its cost will increase once it participate in
current round. The increase in total cost as « increases from 1.0 to 1.25 is around 9%
, while the variance is about 1.8 times smaller, in other words, the fairness becomes

1.8 times better.

4.7 Summary

In this chapter, we study how to cost effectively schedule phones to monitor a set
of targets. We proposed two optimal algorithms in the offline setting, i.e., assuming
the trajectories of the phones are known beforehand, addressing minimum cost and
cost fairness, respectively. We then develop one estimation-based algorithm and one
adaptive cost algorithm to address both problems, which are under realistic assump-
tions and can be applied immediately in practice. Extensive simulation results show
that all proposed algorithms perform well in terms of both minimizing total cost and

achieving cost fairness among the phones.
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Chapter 5

Conclusion and Future Work

Employing mobile sensors in deployment and sensing tasks provides many additional
benefits over the static sensors. The locomotive abilities of mobile sensors greatly
facilitates the desired deployment to be achieved in unknown and hostile areas. The
mobile phones, which are naturally mobile sensors, help completing sensing tasks
without any deployment cost. In this dissertation, we have presented cost-effective
deployment and sensing problems in mobile sensor networks. Specifically, we pre-
sented distributed algorithms for achieving even energy efficient self-deployment. We
presented computation efficient algorithms for energy-balanced deployment to a pri-
ori known target locations. We designed generic target monitoring system through
mobile phone sensing and presented cost-efficient practical algorithms for the system.

Our work is summarized as follows.

o Distributed algorithms for energy-efficient even self-deployment in mobile sen-
sor networks. We studied the problem of energy-efficient even self-deployment

in mobile sensor networks. In order to address the issue of energy-efficient de-
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ployment, which is still a challenge in the widely used Lloyd’s method, a new
algorithm, DEED algorithm, is proposed. Simulation results demonstrate that
DEED performs well in different scenarios. Specifically, it leads to up to 54%

less traveling distance and 46% less energy consumption than Lloyd’s method.

As future work, we will explore even self-deployment of sensors in areas with

obstacles.

e FEnergy-balanced mobile sensor deployment to a priori known target locations.
We studied the problem that determines, for a given set of a priori known tar-
get locations and a set of mobile sensors, which target location a mobile sensor
should move to so that each target location is covered by at least one sensor, and
the duration for which a target location can be covered is balanced. We propose
a set of light-weight deployment algorithms that are suitable for resource-limited
sensors. Specifically, we start with the simple scenarios where all sensors have
the same starting location and initial energy or only a small number of sensors
have different starting location and initial energy, and propose optimal algo-
rithms to solve them. We then consider the general scenario, prove that the
problem is NP-hard and propose light-weight heuristic algorithms for the sce-
nario. Extensive simulation results demonstrate that our proposed algorithms
either achieve close-to-optimal performance or achieve similar performance as

the best known approximation algorithm while being much more time-efficient.
As future work, we will explore centralized algorithms that do not depend on
the locations of the sensors. We will also explore distributed and randomized
algorithms.

o (Cost-efficient target monitoring and data offloading through mobile phone sens-
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ing. We studied how to cost effectively schedule phones to monitor a set of
targets. We propose two optimal algorithms in the offline setting, i.e., assuming
the trajectories of the phones are known beforehand, addressing both mini-
mum cost and cost fairness problems. We then develop one estimation-based
algorithm and one adaptive cost algorithm to address the problems, which are
under realistic assumptions and can be applied immediately in practice. Our
extensive simulation results demonstrate that all proposed algorithms perform
well in terms of both minimizing total cost and achieving cost fairness among

the phones.

As future work, we plan to consider probability distribution of trajectories of
mobile phone users. Incorporating the probability distribution in trajectory es-
timation is expected to improve the accuracy of the estimation, which is vital
to the performance of the estimation based algorithms. We will also explore
different cost functions in the adaptive cost algorithm and evaluate how they

impact the performance of the algorithm.
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