Data Collection Optimization for
UAV-Assisted Wireless Sensor

Networks

Mengyu Chen

A thesis submitted for the degree of
Doctor of Philosophy of

The Australian National University

May 2023



© Mengyu Chen 2022



Except where otherwise indicated, this thesis is my own original work.

Mengyu Chen
1 May 2023






To my dear family who always respect my decisions and unconditionally

support me to pursue my dreams.






Declaration

This thesis is a presentation of the original work except where otherwise
stated. I completed this work jointly with Professor Weifa Liang. My contri-

bution to the work is around 90%.

Mengyu Chen
1 May 2023

vii






Acknowledgments

This thesis becomes a reality with the generous help and support from many
individuals. I would like to extend my sincere gratitude to all of them.

Works in this thesis are conducted and completed under the supervision
of my former supervisor, Professor Weifa Liang. I started my research career
under the guidance of Prof. Liang since my honour year at the Australian Na-
tional University. Without the dedicated support and guidance of Prof. Liang,
I can not continue my study as a Ph.D. student and my achievement during
my Ph.D. would not be possible. Words can not express my gratitude to
Prof. Liang for his patience, dedication and professional supervision to en-
lighten me on the promising study field, while showing us a role model to be
an open-minded, diligent, dedicated and independent researcher.

This endeavor would not have been possible without the encouragement,
support and guidance of my supervisor Dr. Zhenchang Xing. I'm extremely
grateful to Dr. Xing for his significant support in guiding me to continue my
Ph.D. study. Honestly speaking, I felt stressed about changing topics and
learning from scratch in the third year of my Ph.D. which was caused by the
unexpected issues. However, the great patience and professional guidance of
Dr. Xing significantly improved my confidence to conquer difficulties. His in-
sight and professional knowledge with thoughtful recommendations steered
me in the right direction to develop my technical skills and research ability to

conduct pioneering and impactful research.

I am grateful to the Australian National University (ANU), which gave me

ix



the opportunity to conduct my Ph.D. research. I also appreciate for the ANU
Ph.D. Scholarship (international) and the HDR Fee Remission Merit Schol-
arship provided by the Australian National University to financially support
me to pursue my Ph.D. degree. I am also thankful for the staff in the Research
School of Computer Science at the Australian National University, for their
generous help and assistance in various aspects. Hanna Kurniawati deserves
to be especially appreciated for promptly addressing my candidature issues
with considerate plans.

I am deeply indebted to my family for the unconditional love. I am so
lucky to have a giving and caring family that fills my heart with strength,
joy and love. Like a sturdy and well-laid foundation, my family allows me
to grow and flourish with great courage and confidence to handle difficulties
in my life. They always respect my decisions and support me to pursue my
dreaming life. My gratitude to my family is infinite and endless.

Finally, I would like to express my sincere appreciation to my fantastic
friends. With the company and support of my friends, I feel a strong sense of
safety and belonging. I appreciate all of the time together, with laughs, help
and unforgettable memories. My friends are my light in the darkness and I
teel so grateful that I always have shoulders of my friends to lean on when
times are tough. They bring tremendous positive energy to me and definitely

nourish my soul.



Publications

Conference

[1] Mengyu Chen, Weifa Liang, Yuchen Li. Data collection maximization
for UAV-enabled wireless sensor networks. In Proceedings of the International
Conference on Computer Communications and Networks (ICCCN), pp. 1-9, IEEE,
2020.

[2] Mengyu Chen, Weifa Liang, Sajal K. Das. Data collection utility maxi-
mization in wireless sensor networks via efficient determination of UAV hov-
ering locations. In Proceedings of the 2021 IEEE International Conference on Per-

vasive Computing and Communications (PerCom), pp. 1-10, IEEE, 2021.

[3] Mengyu Chen, Weifa Liang, Jing Li. Energy-efficient data collection
maximization for UAV-assisted wireless sensor networks. In Proceedings of
IEEE Wireless Communications and Networking Conference (WCNC), pp. 1-7,
IEEE, 2021.

[4] Jing Li, Weifa Liang, Mengyu Chen, Zichuan Xu. Mobility-aware dy-
namic service placement in D2D-assisted MEC environments. In Proceedings
of IEEE Wireless Communications and Networking Conference (WCNC), pp. 1-6,
IEEE, 2021.

xi






Abstract

The last decade witnessed rapid advancement of digital technology, such as
the Internet of Things (IoT), having enormous applications in various do-
mains. Wireless Sensor Networks (WSNs) play a central role in the context
of IoT for providing a massive amount of data captured by ubiquitous sen-
sors. Thus, data collection becomes crucial to feed fresh data into IoT services
while avoiding data overwritten due to limited storage capacities of IoT sen-
sors. With high agility, mobility and flexibility, the Unmanned Aerial Vehi-
cles (UAVs) have recently received considerable attention for data collection
in WSNSs.

In this thesis, we investigated novel problems for optimizing the data col-
lection efficiency in UAV-assisted WSNs. We conducted studies to maximize
data collection volume via UAV hovering duration allocation. Furthermore,
we studied the maximization of the data collection utility by jointly consid-
ering the UAV hovering location recognition and the UAV hovering duration
allocation. We also investigated the design for UAV data collection trajectory,
with the consideration of the UAV energy consumption on both hovering
and mechanical movement, where the variation of the data transmission rate
is also considered.

We firstly address the UAV hovering duration allocation problem, which
is a fundamental but crucial issue for data collection optimization. For WSNs
with a special deployment, we develop an optimal algorithm which guaran-
tees the maximized volume of collected data. For general cases, we devise an

efficient algorithm with a provable approximation ratio, which significantly
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improves the data collection efficiency.

We secondly deal with the UAV hovering location identification problem.
It is widely considered to be intractable to precisely determine the UAV’s
hovering locations from infinitely many potential ones jointly with the data
collection. Most existing studies either neglect this critical issue or discretize
the UAV serving area into small regions with a given size, which results in
the inevitable utility loss of data collection. To tackle this problem, we pro-
pose a novel algorithm to precisely determine the UAV’s potential hovering
locations and devise an efficient approximation algorithm with guaranteed
data collection performance.

We thirdly explore the UAV traveling trajectory designing problem, which
focuses on both the hovering location identification of the UAV and the UAV
traveling path designing for improving data collection efficiency in WSNSs.
We consider the energy consumption of the UAV on both hovering and me-
chanical movement together with the variation of sensors” data transmission
rate, and develop a promising algorithm to find a closed UAV data collection
tour for maximizing the data collection volume.

We finally evaluate the performance of all proposed algorithms in this
thesis through experimental simulations. Simulation results show that the

proposed algorithms significantly outperform existing algorithms.
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Chapter 1

Introduction

1.1 Internet of Things and Wireless Sensor Net-

works

The momentous developments of digital technology over the last decade en-
able the breakthrough of Internet of Things (IoT), which is progressively acts
as a vital part of our daily life. With communications among smart devices
and sensors through internet, IoT delivers solutions for numerous challenges
related to business, governmental and public/private industries across the
world [Sfar et al., 2017]. In recent years, IoT products have been increasingly
popular, such as home automation devices, wearable health monitors and
smart vehicles, which significantly enhances living standards of individuals
in various domains including healthcare [Mavrogiorgou et al., 2019], edu-
cation [Al-Emran et al., 2020], transportation [Sutar et al., 2016] and public
safety [Fraga-Lamas et al., 2016]. Fig. shows an illustrative example of
some IoT devices for Smart Home. IoT also brings unneglectable benefits
when applied to industries, enhancing productivity, improving agility while

saving overall costs [Chowdhury and A Raut, 2019].

Regarded as one of the five essential IoT technologies, Wireless Sensor

Networks (WSNs) play a crucial role in developing IoT-based products and

1
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Smart Watch Smart Phone Smart TV Air Conditioner Camera
~ ~
Refrigerator
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L=
Smart Door Lock Light Washing Machine Pressure Cooker Printer

Figure 1.1: An illustrative example of some IoT devices for Smart Home.

services [Lee and Lee, 2015] by providing a massive amount of data captured

by sensors.

WSNs are employed in a variety of monitoring and control applications

including environmental monitoring [Othman and Shazali, 2012]], health car-

ing [Alemdar and Ersoy, 2010], military surveillance [Durisi¢ et al., 2012] and
smart home [Li and Lin| 2015]. Fig.[1.2]and Fig. [1.3|show illustrative examples

of WSNis for monitoring wildlife and equipment in factory respectively.

As the core components of WSNSs, spatial or densely dispersed sensors
are exploited to sense and collect data from their surroundings. Each sensor
node is a tiny device, equipped with a miniaturized on-board storage with
limited capacities. Sensory data are continuously generated and temporarily
stored at each sensor. Constrained by the on-board storage capacity, data at
sensors are likely to be overwritten if the sensing data cannot be collected in

time.
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Figure 1.2: An illustrative example of wireless sensor networks for monitoring
wildlife.

1.2 Data Collection in Wireless Sensor Networks

Conventionally, data collection is achieved in WSNs through multi-hop trans-
missions scheme, where sensors transmit their data to a data station via many
other sensors according to a pre-defined protocol. Under this scheme, data
are only transmitted when two sensors are within the communication range
of each other, which requires considerate deployment of sensors. For mon-
itoring regions that are isolated from others in a WSN, a large number of
additional sensors should be employed into the WSN for conducting data
transmission tasks from the monitoring area to the data station, which brings
extra cost for the WSNs. In addition, the energy consumption of sensors
on data transmission is not neglectable. Sensors which are communicating
with many other sensors are easily going out of power. Once a sensor breaks
down, not only can it continue sensing, but also the multi-hop network dis-
connects, resulting in failures in data transmission to the data station
2018b]]. Owing to the limited storage of sensors, data that cannot be
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QQQ Humidity

Location'

Temperature
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Request

Figure 1.3: An illustrative example of wireless sensor systems in factory.

transmitted in time are likely to be overwritten by newly captured data.

To avoid data collection failures caused by the multi-hop transmission
scheme, mobile vehicles are utilized for data collection in WSNs. Mobile
data collection agents travel on the ground, sojourn at or nearby sensors and
receive data transmitted from target sensors. Compared with the multi-hop
transmission scheme, sensors are not required for transmitting data for other
sensors, which enables more energy of the limited battery capacity to be spent
on sensing missions. Besides, data collection from a sensor is not affected by
energy exhaustion of other sensors in WSNs.

With high agility, mobility and flexibility, the Unmanned Aerial Vehi-

cles (UAVs) have recently received considerable attention for data collec-

tion [Samir et al) [2019; [Liang et al., 2018; Khochare et al., 2021]. Compared

with land vehicles, UAVs can support WSNs in more complicated terrains
such as towers, cliffs and other tall structures, which may be not accessible
for land vehicles. When planning a data collection tour, the obstacle is also

a crucial issue that limits the serving area of the data collection agents. The
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Figure 1.4: An illustrative example of data collection in a UAV-enabled WSN.

adjustability of UAV flying altitude enables more flexible traveling space for
data collection service, instead of bypassing the obstructed sensors.

One or a fleet of UAVs departs from a depot, travels over a WSN and
hovers at pre-defined hovering locations to collect data from sensors. After
completing the data collection mission, UAVs travel to a data station, where
the collected data will be stored and processed. In many scenarios, the depot

is collocated with the data station.

1.2.1 Data Collection in UAV-Assisted WSNs

Many existing works investigated data collection in UAV-assisted WSNs. For
example, Gong et al. [Gong et al., 2018a] investigated in the scenario where
sensors are located on a straight line, with the objective to minimize the total
aviation time of a UAV to collect a certain volume of data from each sensor.

In this paper, only one sensor is served at each time.
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Low-altitude UAVs are utilized by Nazib et al. [Nazib and Moh), 2021] to
reduce the energy consumption of WSNs. They developed an energy-efficient
and fast data collection scheme in UAV-aided WSNs for hilly areas to deploy
a UAV as a data mule. They proposed a central bias hybrid energy-efficient
distributed clustering algorithm for grouping the sensors and optimized the
UAV position by applying a modified tabu search algorithm for data collec-
tion. They also developed a traveling salesman problem and solved it by

utilizing a modified genetic algorithm.

Samir et al. [Samir et al., 2019] explored the maximization of the network
throughput from time-constrained devices via a single UAV, where each de-
vice had a data uploading deadline. Khelifi et al. [Khelifi et al., 2018|] devel-
oped a localization method to reduce the power utilization of complete net-
work while enhancing the network lifetime, depending upon the weighted
centroid localization module. Jia et al. [Jia et al., 2021] considered the Low
Earth Orbit (LEO) satellite-assisted UAV data collection for the Internet of
Remote Things (IoRT) sensors. They studied two transmission modes for the
delay-tolerant and the delay-sensitive scenarios respectively, where for the
delay-tolerant scenario, the carry-store mode of UAVs to Earth is leveraged
and for the delay-sensitive, the UAV-satellite network is leveraged to transmit

data to Earth.

Sun et al. [Sun et al,, 2021]] focused on the temporal value of collected
data, with the Age of Information (Aol) as a performance metric to quan-
tify the temporal correlation among data packets consecutively sampled by
the Internet of Things (IoT) devices. They explored an Aol-energy-aware
data collection scheme, with the objective to minimize the weighted sum of

expected average Aol, the UAV propulsion energy, and IoT devices’ transmis-
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sion energy, by jointly optimizing the UAV flight speed, hovering locations,
and bandwidth allocation for data collection. Yi et al. [Yi et al., 2020] also
explored the freshness of collected data. They studied the fresh data collec-
tion problem in UAV-assisted IoT networks, where the UAV travels to collect
status update packets from sensors within a given duration under the energy
constraint. With the aim of minimizing the weighted sum of the age of in-
formation (Aol), they focused on finding the optimal flight trajectory of the
UAV and transmission scheduling of the sensors. They also developed an al-

gorithm with reinforcement learning to overcome the curse of dimensionality.

Cao et al. [Cao et al., 2017] investigated event-related issues of data col-
lection, and proposed a cloud-assisted data gathering strategy in the light of
emerging events. They also developed a cloud-assisted approach for deliver-
ing the optimal traveling and data gathering sequence of a WSN cluster for

the UAV.

Poudelet al. [Poudel and Moh) 2021] investigated the hybrid path planning
for efficient data collection in UAV-aided WSNss for emergency applications,
where timely data collection from sensor nodes and data transmission to the
base station (BS) is a prime requisite. They also considered the environment
comprising various obstacles, where the path should be ensured to efficiently

reach the target point.

Both the Orthogonal Frequence Division Multiple Access (OFDMA) tech-
nique [Mozaffari et al 2016] and the power-domain Non-Orthogonal Mul-
tiple Access (NOMA) protocol [Farajzadeh et al) 2019] supports for One-
to-many data collection scheme. By adopting OFDMA or NOMA, multiple
sensors can transmit data to the deployed UAV simultaneously as long as

the Euclidean distance between the sensor and the UAV is no greater than
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the data transmission range of the sensor, which significantly improves the
data collection efficiency. For example, with the assumption that IoT devices
can utilize the OFDMA technique, Mozaffari et al. [Mozattari et al., [2016]
studied the minimization of the transmission energy consumption of ground
IoT devices, in terms of finding an optimal trajectory for each of multiple
UAVs, where the UAV can collect data from multiple sensors simultaneously.
In [Farajzadeh et al., 2019], NOMA protocol is adopted for data collection

from long-range backscatter devices via UAV.

1.3 Research Topics

A UAV hovering location is a location at the UAV flying altitude, where the
UAV hovers to collect data from sensors. Based on the UAV hovering location,
a data collection trajectory is a sequence of UAV hovering locations that the
UAV visits in order during a data collection tour. The UAV hovering duration
is the corresponding hovering time for the UAV when it hovers at a certain
hovering location. The data collection volume is the amount of data that the
UAV collects from sensors. We use data collection utility to describe the profit
from data collection.

Since the energy of UAV is constrained by its battery capacity, the UAV
may not be able to collect all data from a WSN before it goes out of power.
Unlike other data collection agents serving on the ground, UAV suffering
from energy exhaustion will crash and may lose the data collected among the
tour, the planning about the UAV working tour before its departure thus is
crucial. There are many factors that impact data collection efficiency at each

tour.
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In this thesis, we study data collection planning for UAV in terms of UAV
hovering duration allocation, UAV hovering location identification and data
collection trajectory designing, with the objective to optimize the data collec-

tion performance.

Specifically, we will address three main issues to optimize the data col-
lection performance: (1) given a hovering budget and a finite set of hovering
location candidates for the UAV, which hovering location candidates should
be selected and how long the UAV should sojourn at each selected location;
(2) without pre-defined hovering location candidates, how to identify hover-
ing locations for the UAV from infinitely many potential ones to maximize the
data collection utility; and (3) how to plan a closed data collection tour for the
UAV including a sequence of selected hovering locations with corresponding

hovering duration at each selected one.

Due to the energy constraint of the UAV, the identification of hovering
locations of UAYV, the hovering duration determination at each selected loca-
tion and the location visiting sequence determination significantly impact the
data collection efficiency in the scheme where a UAV is able to collect data
from multiple sensors simultaneously, the aforementioned three topics thus

are requisites for data collection performance optimization in UAV-assisted

WSNs.

Solutions to topic (1) provide the duration allocation at each selected hov-
ering location, with the assumption that a finite set of location candidates are
pre-defined. As a prerequisite for solutions to topic (1), topic (2) is to identify
a finite set of hovering location candidates from infinitely many ones, with a

further complicated task to maximize the data collection utility.

Both topic (1) and topic (2) are studied under the scenario where data at
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each sensor can be partially collected. To be specific, it is allowed to have
remaining data uncollected from each sensor. However, there are some sce-
narios where data from a sensor should be fully collected. For example, for
certain sensors of WSNs in wild fields which have captured traces of target-
ing animals, the UAV cannot distinguish the portion of data which covers the
activities of animals. If the UAV is not required to fully collect data from sen-
sors, it is very likely to collect the data without animals and leave the desired
data behind. To deal with this problem, topic (3) explores another common
situation where data at each sensor are required to be fully collected. So-
lutions to topic (3) deliver a closed data collection tour for the UAV, which
includes not only the duration allocation at each selected hovering location,
but also the visiting order of each selected location. The impacts of the varia-

tion of the data transmission rate of each sensor are also considered in topic

(3).

1.3.1 UAV Hovering Duration Allocation for Data Collection

Maximization

Under the one-to-many data collection scheme, the UAV can collect data from
multiple sensors simultaneously as long as these sensors are located within
the data collection range of the UAV. In the situation where the data transmis-
sion rate of each sensor is identical, the volume of collected data at each time
slot by the UAV is determined by the number of the sensors within the UAV’s
data collection range, whose data have not been fully collected. The hovering
duration allocation over UAV hovering location candidates thereby signifi-
cantly impacts the data collection volume during each data collection tour.

To optimize the UAV data collection performance, we thus firstly explored a
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fundamental topic about the UAV hovering duration allocation.

To be specific, given a hovering duration budget for the UAV, which hov-
ering location candidates should be selected and how long the UAV should
hover at each selected hovering location to maximize the volume of collected
data during a data collection tour. To enhance the data collection volume, we
allow the UAV to partially collect data from sensors, and data at each sensor

can be collected for multiple times.

1.3.2 Hovering Location Identifications for Utility Maximiza-
tion

For the sake of tractability, most of the existing approaches discretize the
UAV serving area into different regions with certain sizes, where each region
is regarded as a potential UAV hovering spot. However, the locations in a
discretized region cannot be distinguished from each other, which results in
the inevitable utility loss of data collection. Moreover, the time complexity
of discretization-based approaches highly depends on the size of the network
monitoring area, making the data collection inefficient, especially for large-
scale WSNSs.

To address the aforementioned challenges, we consider the UAV hover-
ing location determination jointly with data collection utility maximization,
under the one-to-many data collection scheme, where the total hovering du-
ration of the UAV is constrained by a given budget. Tackling this problem
poses many challenges. For example, to avoid the utility loss caused by dis-
cretizations, determining precise hovering locations for the UAV from the in-
finitely many potential ones is non-trivial. Moreover, jointly considering the

hovering location determination and the data collection utility maximization,
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while separating the computational complexity from the network size, makes
the problem further complex. Finally, the allocation of UAV hovering bud-
get at each selected hovering location also impacts the data collection utility

significantly.

1.3.3 UAV Trajectory Designing for Data Collection Maximiza-
tion

The designing of the UAV data collection tour is quite challenging consider-
ing the energy consumption of the UAV on both mechanical movement and
hovering, with an energy constraint for the UAV. Since the mechanical move-
ment of the UAV consumes energy, it is intuitive to enable the UAV to spend
a smaller percentage of energy on traveling while spending a larger percent-
age of energy on hovering, the hovering locations which are relatively close
to the depot thus are preferred.

However, considering the data collection efficiency in the one-to-many
data collection scheme, it is likely that the UAV can collect the largest amount
of data from hovering locations which are relatively far away from the depot
in a certain period. How to balance the trade-off between the energy con-
sumed on hovering and traveling for the UAV thus is crucial to maximizing
the data collection volume. The variation of the data transmission rate makes
the related problems further complicated. To be specific, the data collection
rate from a sensor is non-identical when the UAV hovers at different loca-
tions, which is dependent on the Euclidean distance between the sensor and
the UAV. There are infinitely many potential hovering locations in the UAV
serving area and each location is corresponding to different data collection

rates for the set of sensors, the identification of a finite set of hovering loca-
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tions for the UAV thus impacts the data collection efficiency significantly.

1.4 Thesis Contributions

The main contributions of this thesis are to systematically study data collec-
tion maximization problems in UAV-assisted WSNs under the one-to-many
data collection scheme, by formulating non-trivial optimization problems,
showing the NP-hardness of the proposed problems and developing efficient
approximation or heuristic algorithms to the problems. The maximization
of data collection is studied in terms of the UAV hovering duration alloca-
tion, the UAV hovering location identification and the UAV data collection
trajectory designing. Specifically, the main contributions of this thesis are as

follows.

¢ Unlike most existing studies that the data from all sensors within the
data reception range of the UAV must be fully collected, in Chapter
we assume that the data stored at a sensor can be partially collected and
can be collected through multiple times by the UAV per tour. The UAV
duration allocation problem over a finite set of hovering location candi-
dates for UAV is firstly studied in Chapter 2} via an energy-constrained
UAYV under the one-to-many data collection scheme with the aim to
maximize the volume of collected data. Contributions to this topic in-
clude: (1) a novel multi-sensor data collection optimization problem to
maximize the volume of data collected is formulated, under the assump-
tion that the UAV can collect data from multiple sensors simultaneously,
with the proof of the NP-hardness of the proposed problem; (2) a spe-

cial case of the proposed problem is investigated with the constraint on
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the deployment of hovering location candidates, and an optimal algo-
rithm for the special case is developed and empirically evaluated; (3)
a variant of the proposed problem is explored and an efficient algo-
rithm with guaranteed performance for the variant is devised; and (4)
a novel approximation algorithm with provable approximation ratio is
devised and empirically evaluated for the proposed problem without

the requirement on the deployment of hovering location candidates.

Although there exists works on data collection in UAV-enabled WSNSs,
it is challenging to identify the hovering locations for UAVs in the one-
to-many data collection scheme. To be specific, the data collection effi-
ciency under this scheme massively relies on the hovering locations of
the UAV and the hovering duration at each such location. However, ef-
ficient determination of UAV hovering locations is widely considered to
be intractable as there are infinitely many potential hovering locations
in the UAV serving area. For the sake of tractability, most of the exist-
ing approaches discretize the UAV serving area into different regions
with certain sizes, where each region is regarded as a potential UAV
hovering spot. However, the locations in a discretized region cannot
be distinguished from each other, which results in the inevitable utility
loss of data collection. Moreover, the time complexity of discretization-
based approaches highly depends on the size of the network monitoring
area, thus making the data collection inefficient, especially for large-
scale WSNs. To address the aforementioned challenges, in Chapter
we secondly significantly extend Chapter [2| by jointly considering the
UAV hovering location positioning and the data collection utility maxi-

mization problem under the one-to-many data collection scheme, where
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the total hovering duration of the UAV is constrained by a given bud-
get. To the best of our knowledge, we are the first to focus on enhancing
UAV hovering location positioning to improve data collection utility in
WSNSs. Contributions involved in the Chapter [3| are as follows: (1) we
formulate a novel data collection utility maximization problem to max-
imize the utility of data collection under the one-to-many data collec-
tion scheme and show that the problem is NP-hard; (2) we address the
widely considered intractable UAV hovering location positioning prob-
lem by proposing a novel algorithm to precisely determine the UAV’s
potential hovering locations, which improves the data collection utility
significantly, where we jointly consider the UAV hovering location po-
sitioning and data collection utility maximization; (3) we devise an ap-
proximation algorithm for the proposed problem with approximation
ratio (1 — %) tfor the UAV hovering location positioning problem, where
e is the base of the natural logarithm; and (4) we design and conduct
simulation experiments to evaluate the performance of proposed algo-

rithms, which demonstrates that the developed algorithms are promis-

ing.

In Chapter [, we study a more challenging data collection maximiza-
tion problem considering the energy constraint on a UAV, where the
UAV consumes energy on both hovering and mechanical movement.
We also consider the identification of hovering locations for the UAV
from infinitely many potential ones corresponding to the different data
collection rates of sensors. The identification of hovering locations for
the UAV from infinitely many potential ones makes the data collection

tour finding more difficult, as different locations correspond to different
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data collection rates of sensors, which impacts significantly on the data
collection efficiency. Besides, we consider the fluctuation of data trans-
mission ranges of sensors caused by the different Euclidean distances
between sensors and the UAV. Contributions in Chapter [ includes: (1) a
novel UAV trajectory designing problem with the objective to maximize
the data collection volume is formulated and proved to be NP-hard; (2)
the variation of the data transmission rate of each sensor affected by the
distance from the UAV is jointly considered; (3) the energy consumption
of the UAV on both hovering and mechanical movement are considered;
and (4) an efficient algorithm to find a closed data collection tour for the

problem is developed and empirically evaluated.

1.5 Thesis Outline

The remainder of the thesis is organized as follows. Chapter 2| studies a
novel UAV hovering duration allocation problem to maximize the volume
of collected data by distributing the UAV hovering budget over pre-defined
hovering location candidates. Chapter 3|addresses the UAV hovering location
identification problem to determine precise hovering locations for the UAV
from the infinitely many potential ones, while maximizing the data collection
utility. Chapter {4 explores the impacts of fluctuation of data transmission
rates to data collection efficiency, and devises the data collection trajectory
with the consideration of the UAV energy consumption on both hovering and
mechanical movement, with the constraint that data at each sensor should be

tully collected. Chapter [5 summarizes the thesis and proposes future works.



Chapter 2

UAV Hovering Duration Allocation

for Data Collection Maximization

2.1 Introduction

Wireless Sensor Networks (WSNs) play important roles in data acquisition,
including industrial monitoring [Guo et al.,[2019], healthcare [Luo et al., 2019],
underwater monitoring [Di Valerio et al.,2019] and smart homes [Kodeswaran
et al., 2016]. Each sensor in WSNs is a tiny device with limited energy battery
and storage. With the fast deployment of 5G networks, the data generated
from various sensor devices will grow exponentially, which will help gov-
ernments, businesses and organizations for smart management and business
decision-making. However, collecting fresh sensing data in WSNs becomes
crucial to avoid data loss and data overwritten. The unmanned aerial vehicle
(UAV) has emerged as a promising technology for data collection in WSNSs,
due to its autonomy and flexibility. However, the UAV is required to be re-
plenished quite often, due to its limited energy capacity, which poses many
challenges. For example, the energy supply of a UAV may not be able to
collect data from all sensors in a monitoring region, then which sensors” data
should the UAV collect? To maximize the volume of the collected data, at

which locations should the UAV hover and how long should it stay at each

17
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hovering location? In this chapter we will address these challenges.

Extensive studies of data collection in WSNs have been conducted in the
past. For example, Zhan et al. [Zhan et al., 2017] jointly considered working
states of sensors and the trajectory of the UAV by utilizing a fading channel
model for the senor-UAV links to minimize the maximum energy consump-
tion of sensors. Binol ef al. [Binol et al., 2018|] aimed at finding a time-optimal
path for each of multiple UAVs for data collection from roadside units. These
studies of data collection are based on the one-to-one data collection scheme,
in which a UAV can collect sensing data from one sensor only at each time.
On the other hand, there are several other studies under the one-to-many
data collection scheme where a UAV can collect sensing data from multi-
ple sensors simultaneously as long as the UAV is within the transmission
ranges of the sensors. For example, Mozaffari et al. [Mozaffari et al., 2016]
assumed that IoT devices can transmit their data by adopting the Orthogonal
Frequency Division Multiple Access (OFDMA) technique, such that a UAV
can support multiple IoT devices simultaneously. They dealt with the finding
of an optimal trajectory for each of multiple UAVs to minimize the transmis-
sion energy consumption of ground IoT devices. Ghorbel et al. [Ghorbel et al.,
2018]] focused on the identification of optimal locations for a single UAV to
collect data from a cluster of sensors with the aim of minimizing the energy
consumption of the UAV. Samir et al. [Samir et al., 2019] considered a sce-
nario where a UAV is dispatched for data collection from time-constrained
devices and each device had a data uploading deadline, aiming at maximiz-
ing the network throughput. Li et al. [Li et al., 2020] considered data col-
lection in WSNss by taking into account both hovering energy and traveling

energy consumptions of an energy-constrained UAV, and developed efficient
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approximation and heuristic algorithms for the problem. Unlike most afore-
mentioned studies that the data from all sensors within the data reception
range of the UAV must be fully collected, in this chapter we assume that the
data stored at a sensor can be partially collected and can be collected through
multiple times by the UAV per tour. We study data collection in WSNs via an
energy-constrained UAV [Lin et al., 2019] under one-to-many data collection
scheme with the aim to maximize the volume of collected data.

This study is focused on investigating a specific scenario where a single
UAV is deployed for data collection, with a limitation of energy for hover-
ing during each tour. The sensors employed in the WSN are uniform and
stationary, with an identical data transmission range and bandwidth. The
UAYV employs the one-to-many data collection mode, allowing for simultane-
ous data collection from multiple sensors. The height of the UAV’s flight is
constant, and the energy consumed during travel is not considered. More-
over, the UAV is required to hover at predetermined locations during the
data collection process. These limitations should be taken into account while
analyzing the results and drawing conclusions from the study.

The novelties of this study lie in that a novel data collection problem via
the use of UAV is formulated and a performance-guaranteed approximation
algorithm for the problem is devised.

The main contributions of the chapter are as follows.

* We formulate a novel Multi-sensor data collection Optimization Prob-
lem (MOP) to maximize the volume of data collected under the assump-
tion that the UAV can collect data from multiple sensors simultaneously,

and show that the problem is NP-hard.

* We devise an approximation algorithm with a (1 — %) approximation
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ratio for the problem.

* We evaluate the performance of the proposed algorithm through exten-
sive experimental simulations. Simulation results demonstrate that the

proposed algorithm is promising.

The remainder of the chapter is organized as follows. Section intro-
duces the UAV data collection model for WSNs and defines the problems.
The NP-hardness of the defined problems is also shown in this section. Sec-
tion [2.4] deals with a special case of the MOP and an optimal algorithm for
this special case is proposed. Section 2.5 studies the MOP, and an approxima-
tion algorithm for it is devised. Section [2.6| evaluates the performance of the

proposed algorithms, and Section [2.7| concludes the chapter.

2.2 Preliminaries

In this section, we first introduce the system and data collection models. We
then define the problem precisely. We finally show the NP-hardness of the
defined problem.

2.2.1  System Model

We consider a WSN, where V = {v; | 1 < i < N} is a set of homogeneous
sensor nodes deployed over a two-dimensional region on the ground. Let
(xi,vi,0) denote the location of sensor v;. We assume that each sensor node
v; has a fixed data transmission range R and an identical data transmission
bandwidth B, with a volume D; of data stored locally to be collected. A UAV

is deployed for sensory data collection in the WSN, with a fixed hovering
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' uav

Pj Location of UAV

/
Pj  Projection of Pj on Surface

Surface

Figure 2.1: The sphere Oj with center pj and radius R, where pj = (X]-, Yj, H)

is one of the predefined UAV hovering locations; p;. = (X]-, Yj,O) is the pro-

jection of p; on the ground. The flying height of the UAV is H. Data from
sensors within the sphere O; can be collected when the UAV hovers at p;.

altitude H. Considering the energy capacity constraint of the UAV, we assume
that the maximum number of hovering (equal) time slots of the UAV per tour
is I'. Supported by OFDMA technique [Mozaffari et al.,2016]], the UAV is able

to collect data from multiple sensors simultaneously.

2.2.2 The Data Collection Model

We assume thataset P = {p; = (X;, Y, H) | 1 < j < M} of potential hovering
locations is given, where the UAV can only hover at locations in P for data
collection. Under the one-to-many data collection scheme, where each sensor
has an identical data transmission range R, it is equivalent to regard the UAV
to be with a data reception range R. As shown in Fig. for each given
location p; = (Xj,Y;, H), a sphere O; with center p; and radius R can be
obtained. When the UAV hovers at pj, a location (x,y,z) is within the data

reception range of the UAV, if and only if it locates within the space of O;
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(including the surface of O)), i.e.,
(x=Xj)*+ (y—Yj)*+ (z— H)* <R~ 2.1)

Denote by p; the projection of p; on the ground, ie., p; = (X, Y;,0). If
a location (x,y,0) on the ground is within the data reception range of the
UAY, it is equivalent to say, the Euclidean distance between the location and
;9;. is no greater than v/R2 — H2. For a given location p;j € P, its data collection

sensor set S; is a subset of sensors in 1V, whose Euclidean distance from p;. is

no greater than v R> — H?, i.e,,
Si={vi| (xi—X)*+ (i — Y;)* < R*—H?, v; € V}. (2.2)

For a given sensor v; € V, its data collection location set L; is a subset of
locations in P, in which each location p; is within the data transmission range

of sensor v; € V, i.e.,,

Li={pj | (xi = X;)* + (v = ¥j)* < R* — H?,

pj € P}. (2.3)

Under the one-to-many data collection scheme, the UAV can collect sen-
sory data from all sensors in S; simultaneously when it hovers at location
pj- In other words, the data of sensor v; can be collected by the UAV when
the UAV hovers at any location in L;. We thus have v; € S; if and only if
p;j € L;. Fig.[2.2is an example to illustrate the relationships between the data

collection sensor set S; and the data collection location set L;.

Although the one-to-many data collection scheme can significantly im-
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Surface

Figure 2.2: p) and p; are projections of p, and pj, on the ground. We have
that S, = {v1, v2, v3}, Sy = {03, va}, L1 = {pa}, L2 = {pa}, L3 = {pa, Po},
Ly ={ps}-
prove data collection efficiency, an energy-constrained UAV usually cannot
collect all sensory data from a large-scale WSN, due to its energy capacity
constraint. In this chapter, we refer to the energy capacity constraint on the
UAYV as the maximum hovering duration of the UAV per tour, and we further
divide the hovering duration of the UAV per tour into I' equal time slots with
each having length 7 [Lin et al} 2019]. Denote by 7 = {T; | T; > 0, p; € P}
a set of hovering durations (in terms of time slots) of the UAV at different
locations p; € P. The total hovering duration of the UAV per tour thus is no

greater than I time slots, i.e.,

Y T <T. (2.4)
T,eT

Denote by C; the total amount of data collected from sensor v; by the UAV

at hovering locations in L;, which can be calculated as follows.

Ci=) B-t-T, (2.5)
pi€L;
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As each sensor v; has a data volume D; initially, the total volume of data

collected by the UAV per tour thus is

Y min{C;, D;}. (2.6)

v; eV

2.2.3 Problem Definitions

In the following we define two novel data collection optimization problems

under the one-to-many data collection scheme.

The Multi-sensor data collection Optimization Problem (MOP): Given a WSN
with aset V = {v; | 1 < i < N} of sensors on the ground, a UAV with
the maximum number of hovering time slots I' per tour is deployed for data
collection in the WSN under the one-to-many data collection scheme. Each
sensor v; € V has a volume D; of data to be collected, assuming that each
sensor has a data transmission range R with transmission bandwidth B. A
set P = {p; = (X;,Y;,H) | 1 <j < M} of potential hovering locations with
altitude H for the UAV is given, where the UAV can only hover at the loca-
tions in P for data collection. The problem is to identify which locations in P
will be the hovering locations of the UAV, and to determine the hovering du-
ration at each identified hovering location under the energy constraint of the

UAY, such that the total volume of data collected from sensors is maximized,
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subject to I" time slots per tour, i.e.,

maximize Z min{C;, D;}. (2.7)
v;eV
st. ) T <T, (2.8)
T]'ET
0<T;<T, (2.9)

Eq. @3), (@3). (2.10)

We now define the Multi-sensor data collection Optimization with hovering
location Constraint Problem (MOCP), which is a special case of the defined
MOP, where the Euclidean distance DIS(p,, pp) between any two hovering
locations p, and p;, in P is strictly larger than 2v/RZ2 — HZ,ie., DI S(pa, pp) >
2vR? — H2,

To tackle the MOP, in this chapter we first study one of its variants — the
Maximum Coverage with Height problem (MCH) defined as follows.

Given a vertex set V = {v; | 1 < i < N} and an integer K > 1, let
S ={S; |1 <j < M} be a collection of subsets on V. Associated with each
vertex v; € V, there is a height h; with the initial value h? > 0, and the value
of h; is updated to max{h; —1, 0} if a set S; containing v; is chosen. To be
specific, denote by 1 and &' the heights of v; before and after selecting S;
respectively. Then, the decrement of the height of v; caused by the selection
of §;is

(

1, ifUiESjand]’l421

hi—hi = H, ifv; € Sjand h <1 (2.11)

0, otherwise.
\
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The MCH is to select K subsets from S such that the total height decrement

of vertices in V is maximized.

2.3 NP Hardness of Problems

In the following we show that both MCH and MOP are NP-hard.

Theorem 1 The Maximum Coverage with Height problem (MCH) is NP-hard.

Proof We prove the NP-hardness of the MCH through a reduction from a
well-known NP-hard problem - the maximum coverage problem (MCP). An in-
stance of the MCP can be reduced to an instance of the MCH, where each
vertex v; € V in MCH has an initial height 1) = 1. In the case when 1? = 1,
the MCH problem is to find the maximum number of covered nodes by select-
ing K subsets, which is the definition of the MCP. It can be seen that a solution
to the MCH returns a solution to the MCP, and the reduction is polynomial.

The theorem thus follows. [

Theorem 2 The Multi-sensor data collection Optimization Problem (MOP) is NP-
hard.

Proof We show the NP-hardness of the MOP through a reduction from the
MCH.

For each instance M; of the MCH, it can be reduced to an instance M, of
the MOP as follows. Let I' = K, then the number K of selected sets of M;
correspond the number I' = K of hovering time slots of UAV in M;. The
set V1 in M; corresponds to a set 1, of sensors in M, while each set S; in
M; corresponds to a potential hovering location p;- with the data collection

sensor set S;, such that for each vertex v; € S; with height h;, there exists
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a corresponding sensor v} € S!, with D} = h; - B- T volume of data to be
collected, where B is the data transmission bandwidth and 7 is the length of
each time slot.

The MOP is to maximize the volume of collected data by selecting the hov-
ering locations in P with durations for the UAV, subject to I' (= K) hovering
time slots. It can be seen that a solution to M, returns a solution to M7, and

the reduction is polynomial. The theorem thus follows. [

2.4 An Optimal Algorithm for the MOCP

In this section, we consider the special case MOCP of the MOP, where the
Euclidean distance between any two locations in P is strictly larger than

2v/R? — H?, for which we propose an optimal algorithm as follows.

2.4.1 Profit Function

Following the definition of the MOCP, the Euclidean distance DIS(p,, pp)

between any two locations p,, p € P is

DIS(pa, py) > 2/ R? — H?, (2.12)

where P = {p; | 1 < j < M} is the set of potential hovering locations. Fig.[2.3
provides an illustrative example of the MOCP.
Under this assumption, there is no overlapping between S, and S; when

the UAV hovers at locations p, and p, with p, # p;, respectively, i.e.,

SaNSy =0, Vpa pp €P. (2.13)
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Figure 2.3: An illustration of the special case MOCP, where p;, p}, p. and p};
are projections of hovering locations p,, py, pc and p; on the ground respec-
tively. The Euclidean distance between any two locations in P is strictly larger

than 2v/R? — H2. The data collection sensor set S, = {v1, v2, v3, vy, U5}, Sy =

{ve, v7, vs, vo}, Se = {v10, V11, V12, v13} and Sq = {v14, V15, VIe, V17, V1s}-
There is no overlapping between any two data collection sensor sets from S,,
Sy, Sc and S;.

Without loss of generality, we assume that U].Ai 1Sj = V. Then, for each sen-
sor v; € V, there is exactly one hovering location p; € P within the data

transmission range of v;, i.e,,

L =1 Yoy eV, (2.14)

L= {p]}, if v; € S] (2.15)

A pj-located time slot is referred as a time slot when the UAV hovers at p;.
Recall that T; is the number of time slots when the UAV hovers at location pj,
which indicates that the hovering duration of the UAV at p; consists of T; p;-
located time slots. In the following, we focus on the volume of data collected

with the tth p]--located time slot, where 1 < t < T;.

Denote by u;(t) the profit function as the volume of data collected at the
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T 1 2 3 4 5

Figure 2.4: An illustration of data collected by the UAV at location p;, where
the number 1 to 5 is the time slot index. S; = {v,, vy, v.} is the set of sensors
from which data can be collected when the UAV hovers at p;.

The data volume stored at each sensor is D, = 3BT, D, = Bt and D, = 5Bt
respectively. The volume of data collected at the first 5 time slots when the
UAV hovers at p; is 3BT, 2B7, 2B7, Bt, and BT respectively, i.e., u1(1) = 3B,
u1(2) = 2Bt, u1(3) = 2B7, u1(4) = Bt and u;(5) = Bt.
tth pj-located time slot. In the following, we show an example of u;(t) in
Fig. where S1 = {v,, v, v.} and the data volume stored at each sensor
is D, = 3BT, D, = Bt and D, = 5Bt respectively. It can be seen that, at the
first (t = 1) pi-located time slot, the UAV can collect data from sensors v,,
vy and v., with the data volume u1(1) = 3BTt of collected data; at the second
(t = 2) and third (f = 3) pi-located time slots, data from sensors v, and v,

are collected with u1(2) = 2Bt and u;1(3) = 2Bt, while for the p;-located

time slots with t = 4 and t = 5, we have that u1(4) = Bt and u;(5) = BT.

Denote by /; the maximum number of time slots when the UAV can collect

all data from v;, i.e.,
I, = —. (2.16)

Note that, since T can be set properly, for the sake of convenience, we assume



30  UAV Hovering Duration Allocation for Data Collection Maximization

that /; is an integer.
Denote by f;(t) a binary variable indicating whether sensor v; still has
remaining data to be collected at the tth p;-located time slot when the UAV

hovers at location p; in L;:

1, 0<t<I,
fi(t) = (2.17)

0, otherwise.

The profit function u;(t) of the UAV at the tth p;-located time slot is

u]'(i') =B-T Z fi(t)- (218)
UiESj

An example of the profit function u;(t) is shown in Fig. For the case in
Fig. 2.4, the value of the derived profit function is u1(1) = 3Bt, u1(2) = 2BT,
u1(3) = 2Bt, u1(4) = Bt, u1(5) = Bt. When t is greater than 5, u;(t) = 0.

An illustration is shown in Fig.
Let Iy = max{l; | v; € S;}. We define a drop point di as a time slot
where u;(dy) > u;j(dy + 1) with 0 < dg < ey, where k indicates that dj is
the kth drop point of the value of u;(t). Denote by dk,,,, the drop point with

Uj(dK,, +1) = 0, where dg,,,. = liax-

Theorem 3 The defined profit function u;(t) has the following properties for all t

1. uj(t) is non-increasing. For any 0 < a < b < lyay, where a, b € N7,

uj(a) > u;(b) > 0.

2. u;(t) is a piecewise constant function. The value of u;(t) is in a finite set

{uj(dk) | 1 < k < Kpax} with uj(dk—l—A) = u]-(dk+1), where 1 < A <
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u;(t)

ol & dy ds di ¢

Figure 2.5: An instance of the profit function u;(t) = B- T}, ¢ 5; fi(t), where

t is the time slot index and u;(t) is value for the profit function at the tth
pj-located time slot.

dk+1 - dkr k+1< Kpax, A € N*.

3. The decrement at a drop point is determined by the number of sensors in S;
which finish their data transmission at the drop point, i.e., uj(dy) — u;(dy +
1) = Zviesj(fi(dk) — fi(dy+1))-B- 7, with1 < k < Kyax, k € N, where
Yoes,; (fi(dx) — fi(dx + 1)) is the number of sensors in S; that finish their data

transmission at the dyth pj-located time slot.

4. The number of time slots between two consecutive drop points in u;(t) is de-
termined by the minimum remaining data of sensors in S; at the previous drop
point. For two consecutive drop points dy and dy1, denote by D" the mini-

min

. . D
mum remaining data among sensors in S; at dy, then dy, 1 — dy = ——, where

1§k§ngx_1, k€N+.
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Figure 2.6: An example of the profit function, which is derived from the
example in Fig.

2.4.2 Optimal Algorithm

vy

e
SR 4

We propose a time-slot-based algorithm for the MOP by utilizing the defined
profit function. The detailed algorithm is shown in Algorithm 1.

We first calculate the profit function of each potential charging location
in P. As mentioned before, [,,;, indicates the maximum number of time
slots when the UAV can collect data at location p;, where u;(lyz¢) > 0 and
uj(lmax + 1) = 0. Note that once the value of a profit function at a hovering
location is determined, the value would not change later (Step [2| to Step
in the proposed algorithm). The hovering duration at each location in P
is initialized as 0. The algorithm then proceeds iteratively, and there are T’
iterations. Within each iteration, a time slot is allocated to a location in P.
T; is the number of iterations so far when p; has been selected as a hovering
location.

Then, at the current iteration, we allocate a time slot to a location that
a maximum profit gain can be achieved, i.e., a location pjm= € P with the
maximum value of u;(T; + 1) is chosen, and a time slot is allocated at location

pjmx, by increasing its hovering duration Tjmx by 1 (Step |§| to Step @ of the
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proposed algorithm).

Finally, any location p; in P with T; > 0 is identified as one of the hovering
locations of the UAV during a data collection tour, and the UAV will hover
at location p; € F for T; > 0 time slots, before moving to the next hovering

location.

Algorithm 1 Algorithm for the MOCP
Input: AsetV = {v; | 1 <i < N} of sensors;
a set P of potential hovering locations for the UAV;
a family S = {S; | pj € P} of data collection sensor sets for the set P of
locations;
the maximum number of hovering time slots I' for the UAV per tour.
Output: F = {(p;, Tj) | pj € P, T; > 1} : a set of selected hovering locations
for the UAV and the corresponding hovering durations;

: F @,’
. for each p; €P do
Lnax < max{l; | v; € S]-} ; /* find the maximum value among sensors in
S:*/
)
for t < 1to Lyae +1do
M](t) < Bt ZUZ‘GS]' fl(t)’

: T(—{T]‘<—O|p]‘€73},'

7: for | < 1toI do

8:  Identify a hovering location pjmax S.t. J = argmaxpj eP”j(Tj +1);
9: ijax — T]'mux +1;
10: for each p; € P do
11:  if T] > 1 then
12: F <« Fu{lpy T}
13: return F

@

SARERS LI

2.4.3 Algorithm Analysis

The rest is to show that Algorithm [I| delivers an optimal solution for the
MOCP.

Lemma 1 Denote by T* = {T} | 0 < T} < T, p; € P} the set of durations for
locations in ‘P delivered by Algorithm |1} Then, u,(T;) > uy(T; + 1) for any pair
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of locations pa, pp € P with T; > 1.

Proof We prove the claim by contradiction.

Assume that there exist T; and T such that u,(T;) < uy(T; +1).

Following Algorithm(l, assume at iteration #/, T, increases from T, — 1 to
T, when T, = T; < T, we then have u;(T;) > uy(T;) > uy(T; + 1), since
up(t) is a non-increasing function, by Theorem

On the other hand, assuming u,(T;) < u,(T; + 1), we have u(T},) >
up(Ty) = up(Ty +1) > ua(Ty).

By Step [7] to Step [9| of Algorithm (i} T, should increase from T; to Tj + 1,
instead of that T, increases from T — 1 to T,’. This results in a contradiction.

O

Lemma 2 For any hovering duration set T = {T; | 0 < T; < T, p; € P}, where
ua(Tp) > up(Ty + 1) forany T, Ty € T with T, > 0 and Yrer Tj =T, it leads to
a maximum volume of data collected by the UAV when it hovers at the locations in

P with the hovering durations in T greater than zeros.

Proof We consider a general case where not all sensory data in a WSN can be
fully collected, due to the energy capacity on the UAV. It is to collect as much
data as possible by the UAYV, the total UAV hovering duration of the optimal
solution thus must be exactly I' time slots.

In the following, we prove the claim by contradiction.

Assume that there exists a hovering duration set 7' = {T} | p; € P} with

Yrer Tj = I, in which there exist T, > 1 and T} with
ug(T;) < up(Ty + 1), (2.19)

which results in an optimal solution.
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Denote by U’ the total volume of data collected by the scheduling 77, i.e.,

(i T Ui { T

=) ua(t) + ) up(t) + (Y oui(t) = ) ualt) = ) up(t))  (2:20)
t=0 t=0 p;EP =0 t=0 =0

Let 7" = {T/ | p; € P} denote a hovering duration set with T; = T; —1,

Ty = Ty+1and T = T] for j # a, b. Denote by U” the total volume of

collected data by 7", i.e

!
T/ +1 T;

T -1 T
u’ =Y u(t) + Z up(F) + (Y Y ui(t) = Y ua(t) Zub (2.21)
t=0 t=0

pi€P t=0
Then, we have

T T,+1

T! T

= Y wa(t)+ Y up(t) — (Y ua(t) + Y up(t)) (2.22)
t=0 t=0 t=0 t=0

= —uo(Ty) 4 up(Ty + 1) (2.23)

>0 (byR.19) (2.24)

It can be seen that the volume of data collected by 7" is larger than the one by
T', which contradicts the assumption that 7' will lead to an optimal solution.

The lemma thus follows. [
Theorem 4 Algorithm(l|for the MOCP delivers an optimal solution.

Proof Denote by 7" = {T/ | 0 < T/ <T, p; € P} the hovering duration set
delivered by Algorithm([I] Since there are I' iterations in Algorithm|[I] a time
slot is allocated to a hovering location in P at each iteration, and we have
ZT].*eT* = I time slots to be allocated.

By Lemma [1} it has shown that for any two hovering durations T, > 1
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and Tj in T* delivered by Algorithm[l} u,(T;) > up(T; + 1). Meanwhile, by
Lemma [2} for any hovering duration set 7 = {T; | p; € P} where u,(T,) >
uy(Ty + 1) for any T,, T, € T with T, > 1 and ZT], = T, it will lead to an
optimal solution.

Thus, the hovering duration at each location in the solution delivered by
Algorithm [1] will result in the maximum volume of data collected, and the

solution is optimal. []

2.5 Approximation Algorithm for the MOP

In this section, we investigate the MOP, by devising an approximation algo-
rithm for it. We start with an approximation algorithm for its variant - the
MCH first. We then show how to extend the proposed algorithm to solve the
MOP.

2.5.1 Approximation Algorithm for the MCH

Recall in the definition of MCH in Section 2.2.3] each vertex v; in V has a
variable height h;, which is likely to reduce if a set S; covering v; is selected.
The MCH is to maximize the total height decrement of vertices in V by
choosing K sets where K is given in advance. The algorithm for the MCH
proceeds iteratively. Within iteration k with 1 < k < K, a set Sk is selected.

Denote by h¥ the height of v; after S¥ is selected, then

max{h’.‘_1 -1, 0}, ifv; € sk
nk — i l (2.25)

1
hf’l, otherwise,
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where 1) is the initial height of v;. The MCH thus is to identify a collection
of sets {S', 5%, ..., 5K} such that Y, ¢y (h? — hY) is maximized.

In the following we develop an approximation algorithm with a provable
(1—1) ratio for the MCH.

The core idea behind the proposed algorithm proceeds iteratively. Let }
be the collection of chosen sets so far. With each iteration k with 1 < k < K,
a set from the collection S\ ) is chosen such that the accumulative height
jmax

decrement of sensors in iteration k is maximized, i.e., a set with index

will be chosen where

jmax = argmaxg,,,. cs\y Yo (Wt =), (2.26)

0U; ES]'mux

By Eq. (2.25), Eq. (2.26) can be rewritten as

J= AgMaxs,, c5\y Z min{hf_l, 1}. (2.27)

0; ES]-max

The detailed algorithm for the MCH is given in Algorithm

2.5.2 Approximation Algorithm for the MOP

The basic idea of an algorithm for the MOP is similar to the one for the MCH,
which also proceeds iteratively.

There are I iterations (as there are I' time slots per tour of the UAV).
Within iteration k, a set S* is chosen. The rest is how to modify Algorithm
for the MOP. To this end, the sensor heights and the formation of sets should
be given as follows.

Sensor Height Determination: Denote by /¥ the height of sensor v; after
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Algorithm 2 Algorithm for the MCH

Input: A set V = {v; | 1 < i < N}, where each vertex v; € V has a initial
height h? ;
a collection of vertex sets S = {S; | 1 < j < M};
a fixed K, which is the number of sets to be selected from S.

Output: The K chosen sets.

1. U+ S;

2: Y + @; /* the solution */
3: for k< 1to K do

N R argmaxsjmax cu ZU,‘GSjmax min{hi.‘_l, 1};
N

6 Y <+ YU{S};

7. U< U\{S};
8:

9

for each v; € V do
if v; € S* then

10: Hf «— max{h~1 -1, 0};
11: else
12: WE —nk Y

13: return )

a set Sk is selected, where the initial height of v; is h? =1 = %. Given hi-‘_l
and the selected set S¥, the value of h¥ can be calculated by Eq. .

Sensor Set Virtualization: Denote by //"** = max{l; | v; € S;} the max-
imum value among sensors in S;. A collection A; = {A;” |1 <m< l]’.””x}
of virtual sets of S;is then formed, where each element A}” in Aj contains
exactly identical sensors as in S; and the cardinality of A, is [

Now, each sensor v; can be regarded as a vertex v; with the initial height
%, and the union UpjepA]‘ can be regarded as the collection of sets in the
MCH.

Following Algorithm 2| within iteration k with1 <k <T, aset S jmax with
the maximum value of },, Smax\ Y min{h¥=1, 1} is selected from Up,epAj.

Consequently, the identified hovering locations for the UAV are the loca-

tions in P whose virtual set is selected in any iteration, while the hovering
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duration (in terms of time slots) at each selected location p; is equal to the
number of selected virtual sets of S; during the I iterations.

The detailed algorithm for the MOP is given in Algorithm 3| Fig.
presents an illustrative example of virtual set selection and sensor height de-

crease.

2.5.3 Analysis of the Approximation Ratio

In the following, we analyze the approximation ratios of Algorithm [2| and
Algorithm[3

We use OPT to denote the value of the optimal solution of the MCH.
Algorithm [2| consists of K iterations, and within each iteration a set with
the maximum height decrements is chosen. Denote by py and g; the sum of
height decrements at the kth iteration and the total height decrements up to
the kth iteration (including the kth iteration), i.e., gy = YX,_| pm. Let gi be the

value difference with OPT after the kth iteration, i.e., g = OPT — gx.

Lemma3 1. pgq > %, fork =0, 1, ..., K—1, where py = qo = 0, and

8o = OPT.

2. gp1 < (1= %)L OPT, fork=0,1, ..., K—1.

Proof 1) gy is the value difference from OPT after iteration k with 1 < k < K.
By the Pigeonhole Principle, one of the K iterations in the optimal solution
must be at least 8. Since py; is the maximum one at time slot k + 1, we have
Pey1 > 3%, fork=0,1, ..., K—1.

2) We show this claim by induction. For the base case where k = 0, we

need to show g1 < (1— &) OPT.
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select S,
/ - \>
/)
(
height decrease
of nodes in Sa
select Sp
P ) < b
(
height decrease
of nodes in S,
‘:,,

Figure 2.7: An illustrated example of virtual set selection and sensor height
decrease referred to in Algorithm
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Since g = OPT — qi, we have
81 < OPT—ql :OPT—pl (2.28)
8o
< OPT — I by Lemma (2.29)
PT
_opr - 9PT (2.30)
K
=(1- %) -OPT (2.31)

We then show that gx,1 < (1 — %) - OPT, based on the following in-

ductive hypothesis, that is,

1 k
< — — ).
Sk (1 ) OPT

By induction,

Sk+1 = 8k — Pk+1

< g — % by Lemma [3(T)

1
—gk(l_f)
< (1-2)-OPT (1~ ) by @33
I IV
= (1= )"*1-0PT

Theorem 5 The approximation ratio of Algorithm2|for the MOP is (1

Proof By Lemma 3, we have shown gx < (1— %)X OPT.

Since (1 — )X ~ 1

1 <OPT
e’ — e °

we have gk

)

(2.32)

(2.33)

(2.34)
(2.35)
(2.36)

(2.37)
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Then,

OPT

qx = OPT —gx > OPT — —

> OPT(1— %) (2.38)

where g is the profit after the Kth iteration of Algorithm
We thus conclude that the approximation ratio of Algorithm[2/is (1 — %)

Ul
Theorem 6 The approximation ratio of Algorithm for the MOP is (1 — 1).

Proof Since the sensor height determination and sensor set virtualization
never change the volume of data collected at each location in P, the ap-
proximation ratio of Algorithm 3|is determined by the selection of hovering
locations (Step [I1] to Step [I9)in Algorithm[3), which is same as Algorithm
Therefore, the approximation ratio of Algorithm (3|is also (1 — %) according
to Theorem 5l OJ

2.6 Performance Evaluation

In this section, we evaluate the performance of the proposed algorithm by
experimental simulations. We also investigate the impact of parameters on

the algorithm performance.

2.6.1 Experimental Environment Settings

We consider a WSN deployed within 1,000 x 1,000 square meters, in which
sensors are randomly distributed [Li et al., 2020].
The data transmission range and bandwidth of each sensor are set at 150

meters and 1 MB/s [Theunissen et al., 2018], respectively. The data volume
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D; of each sensor v; is randomly drawn from (0, 1000]MB. We employ one
UAV for data collection [Liang et al., 2018]], hovering at the altitude 100 me-
ters [Gong et al., 2018b|]. The total hovering time of the UAV is set as 1,800
seconds [dji], with the length of each time slot 1 second. Unless otherwise
specified, these parameters will be adopted in the default setting.

The MOP is a new problem, where existing algorithms in literature are
unlikely to be adopted directly due to different data collection models. To
evaluate the performance of Algorithm 1 and Algorithm 3, we propose the

following benchmark heuristics.

e Greedy. It iteratively selects a hovering location py;sy for the UAV with
the maximum volume of collected data, and the UAV hovers at pyx
until all data from the sensors in S,y are collected. This procedure
continues until the accumulative hovering duration of the UAV reaches

I.

® NSearch. The UAV firstly hovers at a location pyy, with the maximum
volume of collected data, where it collects all data from the sensors
in Syay,. It then selects a location py,y, from the neighbors of payx,
(sensors no larger than 225 meters away from location p;,x,) where data
is also fully collected. The procedure of neighbor selection continues

until the UAV runs out of power.

* UCollect. The UAV collects data at each hovering location in P with

equal duration, i.e. number of time slots at each p; € P.

I
" [Pl
e WCollect. Denote by D = Lp;cP Loes; Di the sum of data from all data

collection sensor sets (not as same as the total volume of data in the
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WSN). The hovering duration of the UAV at p; is decided by the ratio

Zv' ~Di
of the volume of data from S; to D, ie., T; =T - ’EDS] .

Each value in figures is the mean result by applying each mentioned al-
gorithm to 50 network instances with the same size. The running time of
all mentioned experimental simulations is obtained from a desktop with 2.7

GHz Intel Core i5 CPU and 8 GB RAM.

2.6.2 Performance Evaluation of Different Algorithms

We first investigate the performance of Algorithm 1 (denoted by Alg01) against
heuristics Greedy, NSearch, UCollect and WCollect for the MOCP, with 25
randomly distributed potential hovering locations (since the distance between
any two locations is required to be strictly larger than 2 - v/1502 — 1002 ~ 225
meters, the maximum number of potential hovering locations we can generate
is around 25).

Fig. 2.§(a) shows that Alg01 significantly outperforms other heuristics,
due to the fact that Alg@1 can always deliver an optimal solution. Fig. [2.§(b)
plots the running time curves of the comparison algorithms.

We then evaluate the performance of Algorithm 3 (denoted by Alg03)
against heuristics Greedy, NSearch, UCollect and WCollect for the MOD, by
varying the number of sensors from 100 to 1,000, with 100 potential hovering
locations. Fig. 2.9(a) demonstrates that the volume of collected data by all
mentioned algorithms is proportional to the network size, due to the fact
that with the increase on the number of sensors, more data is generated in
the WSN, such that the UAV is able to collect more data at each hovering

location. It can also be seen that, the volume of collected data by Alg03 is
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Figure 2.8: Performance of Alg01, Greedy, NSearch, UCollect and WCollect
in WSNs consisting of sensors from 100 to 1,000.

approximately 129% of the one by WCollect, and 145% of the ones by other
heuristics. Fig.[2.9(b) depicts the time curves of the proposed algorithms.
Note that, Algorithm 2 just serves as a bridge to solve the MOP. We in-

stead evaluate the performance of Algorithm 3 directly.

2.6.3 Impact of Parameters on the Performance of Algorithms

The rest is to investigate the impact of the UAV hovering durations and the
data transmission range on the performance of the mentioned algorithms,
with 1,000 sensors randomly deployed in the monitoring field.

We first investigate the impact of the UAV hovering duration on the per-
formance of different algorithms, where the number of hovering time slots of
the UAV varies from 1,500 to 2,500, with length of 1 second. Fig.[2.10(a) de-
picts that the volume of collected data delivered by the mentioned algorithms
grows rapidly against the hovering time of the UAYV, as the UAV is able to col-
lect more data with longer hovering durations. Besides, A1g03 significantly

outperforming others in any cases, where the result of Alg03 is approximately
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Figure 2.9: Performance of A1g03, Greedy, NSearch, UCollect and WCollect
in WSNs consisting of sensors from 100 to 1, 000.

123% of WCollect. From Fig. b), the running time of Alg03 also grows
against the number of hovering time slots of the UAV, due to that the number
of iterations of A1g03 is determined by the number of UAV hovering time

slots.

We then investigate the impact of the data transmission range of sensors
on the performance of the mentioned algorithms, by increasing the transmis-
sion range from 120 meters to 220 meters (since the transmission range should
be larger than the height of the UAV), with 1, 000 sensors randomly deployed
in the network. Fig. 2.11(a) plots that the volume of collected data delivered
by different algorithms rises against the data transmission range, due to the
fact that the UAV can collect more data with a larger data transmission range
of sensors. It also can be seen that the performance gaps between Alg03 and
other heuristics become increasingly larger with the growth on the data trans-
mission range. Fig. 2.I1[b) plots the running time curves of the mentioned
algorithms. It can be seen from Fig[2.10]and Fig[2.11| that the data collection

of Alg03 is proportional to the UAV hovering duration and the data trans-
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mission range of sensors.

2.7 Summary

In this chapter, we studied data collection in a WSN, using an energy-constrained

UAV, where data from multiple sensors can be collected simultaneously by

the UAV at any hovering location. We first formulated a novel multi-sensor

data collection optimization problem and showed that the problem is NP-
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hard. We then devised an efficient approximation algorithm with a con-
stant approximation ratio for it. We finally evaluated the proposed algorithm
through experimental simulations. Simulation results demonstrate that the
proposed algorithm is promising, and outperforms other heuristics signifi-

cantly.
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Algorithm 3 Approximation Algorithm for the MOP

In

put: AsetV = {v; |1 <i < N} of sensors;
a set P of potential hovering locations for the UAV;
a family S = {S; | p; € P} of data collection sensor sets for the set P of
locations;
the maximum number of hovering time slots I" for the UAV per tour.

Output: 7 = {(p;, T;) | pj € P, T; > 1} : a set of selected hovering locations

10:
11:
12:

13:
14:

15:
16:

17:
18:
19:

20

21:
22:

23

for the UAV and the corresponding hovering durations;

F +— Q;

Q< ©;
T(—{Tj<—0|p]‘€77},'

for each v; € V do
li%%,’

for each p; € P do
l]’.”’“‘ — maxviesj{li};
A collection of virtual sets A; < {A;" |11<m< [ } by duplicating
S]','
Q<+ QUA;
for k< 1toI do
Select a Gji € Q with maximum EvieG;’l min{h~, 1};
Tje ¢ T + 1;
0+ o\ {G;
for each v; € V do
if v; € G]’ZZ then
hi-‘ — max{h?*1 -1, 0};
else
W nk1;
: for each p; € P do
if T; > 1 then
F e Fullp T
: return F.
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Chapter 3

UAV Hovering Location
Identification for Utility

Maximization

3.1 Introduction

The last decade witnessed rapid advancement of digital technology, such as
the Internet of Things (IoT), having enormous applications in various do-
mains that include wearables [Ometov et al., 2016; Gu et al., 2017]], smart
homes [Dorri et al., 2017] and smart cities [Roy et al., 2019; Cabrera et al.,
2020]. Wireless Sensor Networks (WSNs) play a central role in the context
of IoT for providing a massive amount of data captured by ubiquitous sen-
sors [Ghosal et al., 2020]. Thus, data collection becomes crucial to feed fresh
data into IoT services while avoiding data overwritten due to limited stor-
age capacities of IoT sensors [Choi et al., 2012; Di Francesco et al., 2011; Gao
et al., 2010; Wang et al., 2010; Navarra et al,, 2015; Imon et al., 2014; Chen
et al., 2021]. With high agility, mobility and flexibility, the Unmanned Aerial
Vehicles (UAVs) have recently received considerable attention for data collec-
tion [Samir et al., 2019; Liang et al., 2018; Khochare et al., 2021]. In UAV-

enabled WSNs, one or multiple UAVs fly over the network monitoring area,
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hover at certain locations to collect data from sensors wirelessly, and deliver

the collected data to a base station for further processing [Li et al., 2020].

In the literature, extensive efforts have been made to explore UAV-enabled
WSNSs in recent years. For example, in [Liu et al., 2018]] the age-optimal trajec-
tory for a UAV is studied to collect data from sensors with different priorities.
The authors in [Zhang et al., [2021] investigated the data collection tour for
multiple UAVs to ensure data freshness. In [Irotta et al., 2019] the quality
of collected data is optimized by taking into account the data requirements
and energy issues, where UAVs are able to wake up sensors through energy
transmissions. The above works follow one-to-one data collection scheme,
where data from only one sensor can be collected by the UAV at any time

instant.

The advancements of wireless communication technologies have led to the
emergence of one-to-many data collection scheme as a promising approach,
where a UAV is able to simultaneously collect data from multiple sensors, sig-
nificantly improving the data collection efficiency. For instance, in [Mozaftari
et al, 2016], optimal trajectories for multiple UAVs are developed to minimize
energy consumption of IoT devices, by adopting the Orthogonal Frequency
Division Multiple Access (OFDMA) technique. In [Farajzadeh et al., 2019],
data collection is investigated from long-range backscatter devices via UAYV,
adopting the power-domain Non-Orthogonal Multiple Access (NOMA) pro-
tocol, which outperforms OFDMA in many scenarios. The authors in [Cail-
louet et al., 2018] considered the coverage problem in UAV-enabled WSNs
aiming to minimize the deployment cost of UAVs, where a fleet of UAVs
are deployed to continuously monitor the network and transmit the collected

data to a fixed base station.
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In Chapter [2, we studied a one-to-many data collection scenario where a
set of potential hovering locations for the UAV are determined in advance.
Based on pre-defined potential hovering locations, we developed an efficient
approximation algorithm by allocating the time slot budget to the given po-
tential hovering locations, intending to maximize the total volume of collected
data. In this chapter, we will study a more complicated scenario where the
set of potential hovering locations is not given. Instead, any location within
the UAV working area at its flying height could be a potential hovering lo-
cation. As a result, the number of potential hovering locations for the UAV
is infinite. Furthermore, we study the maximization of data collection util-
ity instead of the data collection volume in Chapter 2| The profit function
is a non-decreasing and submodular function, which indicates that the data
collection profit at the different time slot from a sensor (when there are data

remaining at the sensor) is not necessarily equal as we studied in Chapter

Although there exists works on data collection in UAV-enabled WSNes, it
is challenging to identify the hovering locations for UAVs in the one-to-many
data collection scheme. To be specific, the data collection efficiency under
this scheme massively relies on the hovering locations of the UAV and the
hovering duration at each such location. However, efficient determination of
UAV hovering locations is widely considered to be intractable as there are

infinitely many potential hovering locations in the UAV serving area.

For the sake of tractability, most of the existing approaches discretize the
UAV serving area into different regions with certain sizes, where each region
is regarded as a potential UAV hovering spot. However, the locations in a
discretized region cannot be distinguished from each other, which results in

the inevitable utility loss of data collection. Moreover, the time complexity
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of discretization-based approaches highly depends on the size of the net-
work monitoring area, thus making the data collection inefficient especially
for large-scale WSNs.

To address the aforementioned challenges, this chapter significantly ex-
tends our previous work [Chen et al., 2020] by jointly considering the UAV
hovering location positioning and the data collection utility maximization
problem under the one-to-many data collection scheme, where the total hov-
ering duration of the UAV is constrained by a given budget. Tackling this
problem poses many challenges. For example, to avoid the utility loss caused
by discretizations, determining precise hovering locations for the UAV from
the infinitely many potential ones is non-trivial. Moreover, jointly consider-
ing the hovering location determination and the data collection utility, while
separating the computational complexity from the network size, makes the
problem further complex. Finally, the allocation of UAV hovering time bud-
get at each selected hovering location also impacts the data collection utility
significantly.

To the best of our knowledge, we are the first to focus on enhancing UAV
hovering location positioning to improve data collection utility in WSNs. To
this end, we propose an efficient algorithm to precisely identify a finite set
of potential hovering locations for the UAV from the infinitely many ones,
which significantly improves the data collection utility as compared with four
baseline heuristics.

The main contributions of this chapter are summarized below.

¢ We formulate a novel data collection Utility Maximization Problem (UMP)
to maximize the utility of data collection under the one-to-many data

collection scheme. We also show that the problem is NP-hard.
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¢ We devise an efficient algorithm to precisely determine the UAV’s po-
tential hovering locations, thus improving the data collection utility sig-
nificantly, where we jointly consider the UAV hovering location posi-

tioning and data collection utility maximization.

* We devise an approximation algorithm for UMP with approximation ra-

tio (1 — %) for the problem, where e is the base of the natural logarithm.

* We evaluate the performance of the proposed algorithms through ex-
tensive simulation experiments, demonstrating the superiority of the

proposed algorithms.

The scope of this work focuses on maximizing the UAV data collection
utility of each tour, with the deployment of a single UAV constrained by its
energy capacity, where the pre-determined utility function should be non-
decreasing and submodular. The WSN consists of homogeneous and static
sensors, with identical data transmission range and bandwidth. The UAV’s
one-to-many data collection mode enables it to simultaneously collect data
from multiple sensors. The consumption of energy during the UAV’s travel
is not considered in this study. Compared with Chapter 2, the UAV is able
to hover at any location on its working sphere at a constant height, with no
hovering location predefined. These limitations should be taken into account
while analyzing the results and drawing conclusions from the study.

The rest of the chapter is organized as follows. Section 3.2 introduces the
system model, data collection tour model, data collection utility model, and
the problem definition. Section |3.3| studies the defined problem and designs
an approximation algorithm. Section 3.4/ analyzes the approximation ratio of

the proposed algorithm. Section reports the performance results of the
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proposed algorithms via simulation study. Section 3.6/ concludes the chapter.

3.2 Preliminaries

In this section, we first introduce various models such as the system model,
and data collection tour and utility models. We then formulate the data col-

lection utility maximization problem in WSNs and show that it is NP-hard.

3.2.1  System Model

We consider a wireless sensor network (WSN) serving a two-dimensional
region of length £ and width W. A set V = {v; | 1 <i < N} of homoge-
neous sensors are deployed in the region, where each sensor v; has a unique
location, denoted by (x;,1;,0). Assume the sensors perform environmental
monitoring continuously, acquire and store a huge amount of data. Let D;
denote the volume of data at sensor v; € V.

To avoid data loss or being overwritten at each sensor, a UAV is dispatched
periodically for data collection from the sensors. The UAV departs from a de-
pot, hovers on certain locations to collect data from the sensors, and then
delivers the collected data to a data center for further processing. Fig.
shows an illustrative example. For safety considerations imposed by regu-
latory authorities, the UAV is assumed to travel at a fixed altitude H above
the ground[Samir et al., 2019]. In this chapter, we assume that the depot is
co-located with the data center, unless otherwise stated.

Supported by the OFDMA technique, the UAV is able to collect data si-
multaneously from multiple sensors, whose Euclidean distance from the UAV

is no larger than R, with a data transmission bandwidth B from each sensor.
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Figure 3.1: An illustrative example of data collection in a UAV-enabled WSN.

3.2.2 Data Collection Tour Model

A data collection tour of the UAV is a closed tour starting from and ending
at the depot. The tour is a sequence of hovering locations, at altitude H,
which the UAV visits one after another for data collection. Since there are
infinitely many locations at altitude H, an important challenge for scheduling
the data collection tour is to identify a sequence of UAV’s hovering locations
that improves efficiency of data collection.

Let H denote a sequence of selected hovering locations for the UAV on a

data collection tour, i.e.,
H=(hy, hy, ..., hg, ..., hg), (3.1)

where Iy presents the kth hovering location, and K denotes the total number
of selected hovering locations on the tour. Under the one-to-many data col-
lection scheme, when hovering at i, = (X, Yy, H), the UAV is able to collect
data from a subset of sensors whose Euclidean distance from the UAV is no

greater than a given value R. Let us define the data collection sensor set, Sy,
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as the set of sensors whose data can be collected when the UAV hovers at

location hy, i.e.,

Sk ={vi | (xi — X)* + (yi — Ye)* + H* < R? v; € V}. (3.2)

Correspondingly, the data from a sensor v; can be collected multiple times
when the UAV sojourns at different hovering locations of H. Let L; denote the
set of hovering locations of H which are within the data transmission range

of 0;, i.e.,

Li = {h | (xi — Xp)* + (yi — Yi)* + H> < R?,

1<k<K}. (3.3)

Given the sequence H of selected hovering locations, the duration Ty for
which the UAV sojourns at location hy is also crucial for the data collection
performance. We define the sequence 7 of hovering duration corresponding

to H as

T=(T, T, ..., T, ..., Tx). (3.4)

3.2.3 Data Collection Utility Model

Constrained by its energy capacity, the UAV is unlikely to collect data from
all sensors in one tour for a large-scale WSN, it is expected that the UAV is
capable to collect data from sensors in important regions in the monitoring
area. We consider spatial-temporal correlations among sensors, and model

the data collection utility from each sensor by a submodular utility function.
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Denote by F;(t) the utility function of sensor v;, which represents the accu-
mulative utility obtained by the UAV when hovering within the data trans-

mission range of v; for t time units. Denote by = % the number of time

t;_nax
units required for collecting all data from v;, where D; and B are respectively
the volume of data at v; and the data transmission bandwidth. Without loss

of generality, we assume that ¢/"**

is an integer. It can be seen that the ac-
cumulative utility obtained from v; increases with the growth of t from 0 to

t"%, and maintains at F;(¢/"**) when t is greater than #/"**.

Definition 1 The defined utility function F;(t) has the following properties.

1. Fi(t) =0ift = 0; Fi(t) > 0if 0 < t < t"™*; otherwise F;(t) = F;(t/"™*) if

t > "%, where t € N.

2. F(t) is a non-decreasing function, i.e., Fi(t1) < F(t2) for 0 < t; < tp, where

t1, to € IN.

3. Fi(t) is a submodular function, where F;(t; + A) — Fi(t1) > Fi(ta + A) —
Fi(tz)for 0 S tl < tz S tlmax and Fi(tl + A) — Fi(tl) = Fi(tz + A) — Fi(tz)

for t19% <t < tp, where ty € N and t), A € NT.
To model the utility gain at time unit ¢ when the UAV collects data from a

sensor v;, the utility margin function f;(t) is defined as follows.

Fi(t)—F(t—1), ift € NT,
fit) = (3.5)
0, if t = 0.

Definition 2 The defined utility margin function f;(t) has the following properties.

1. fi(t1) > fi(ka) for 1 <ty < tp < t"*and ty, t, € NT.
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Fi(t A0

b #-1¢ et 0 2 e ¢
Figure 3.2: An example of utility function F;(f) and utility margin function

fi(t), where Fi(t') — F;(f —1) = é and f;(t') = 4.

2. fi(t) =0forany t > t"* and t € N*.

Fig.|3.2)is an illustrative example of the utility margin function f;(¢) from
the utility function F;(t).

We define u; as the sum of utility obtained from a sensor v; during a tour,
which is associated with the accumulative duration when the UAV hovers at

locations in L;, i.e.,

ui=F(), Ty, (3.6)

heL;

recalling that L; is the set of hovering locations of H within the data trans-
mission range of v;, as defined in Eq. (3.3), Ty is the accumulative hovering
duration at location hy.

Denote by U the total data collection utility of a tour, which can be calcu-

lated by accumulating the utility u; obtained from each sensor v; € V, i.e,,

u=7Y u. (3.7)

v;eV
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3.2.4 Data Collection Utility Maximization Problem

We formulate a novel data collection utility maximization problem (UMP) in
WSNs as follows.

Consider a WSN with a set V = {v; | 1 <i < N} of sensors deployed in
a L x W region. Each sensor v; € V has a data transmission bandwidth B
and data transmission range R, with a volume D; of data to be collected. We
assume the utility function F;(t) of each sensor v; is pre-defined. A UAV with
hovering duration budget I' travels at a fixed altitude H above the WSN for
data collection. Then the UMP is to find a closed data collection tour for the
UAV (starting and ending at the depot), which consists of a sequence of hov-
ering locations and hovering duration at each such one, aiming at maximizing

the total utility of data collected from the sensors in the WSN.
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Formally the problem UMP is formulated as:

Maximize U, (3.8)
subject to  hy = (Xy, Yy, H), V1 <k<K (3.9)
~R<Xt<L+R, WV1I<k<K (3.10)
“R<Y, <W+R, VI<k<K (3.11)
T, € NT, V1<k<K (3.12)

K
Y T <T, (3.13)

k=1

Constraints (3.10) and (3.11) are used to bound the serving area of the
UAYV, and assume that the depot is located within the UAV serving area.
Constraint (3.13)) limits the total hovering duration of the UAV to be no greater

than the given hovering budget I'.

3.2.5 NP Hardness of UMP

Theorem 7 The data collection utility maximization problem (UMP) is NP-hard.

Proof We show the NP-hardness of UMP by a reduction from an NP-hard
problem — the Robust K-Center problem (RKC) [Charikar et al., 2001]. Given
a set V of points in a 2-D plane and K disks with radii r, the decision version
of the RKC is to cover at least M < |V| points by the disks, where M is a
given integer. This problem has been shown to be NP-hard [Xiao et al., 2004].

Let I and I; be the instances of RKC and UMP, respectively. We show that
I can be reduced to Ij; in polynomial time as follows.

The number K of disks in I corresponds to the number I' of UAV hovering

time units in Iy, i.e., K = I'. Denote by V] the point set in I, which corresponds
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to the sensor set Vi in Ij;, where there is a corresponding sensor v; € Vy; at

location (a;, b;, 0) of each point with coordinates (a;,b;) in I with 1 <i < |V|.

For each disk k with 1 < k < K, there is a corresponding hovering location
hy for the UAV. When the UAV hovers at location /y, it can collect all data
from sensors in S; within one time unit, assuming that the data volume D;
of each sensor v; € V; is B, where B is the data transmission bandwidth of
v;. Also, the utility of each sensor v; is identical by setting F;(0) = 0 and
Fi(t) = 1if t > 1 at each time unit {. The data transmission range of each
sensor is R = v H2 + 2, where 7 is the radius of each disk in I, and H is the

hovering altitude of the UAV in ;.

Following the reduction from I to Ij;, each sensor has an identical utility
function with identical volume B of data to be collected, the data of all sensors
in Si can be collected by the UAV at location /i within one time unit. Also, the
accumulative utility obtained at time unit k is determined by the number of
sensors in Sy whose data have not been collected yet. Hence, maximizing the
data collection utility of Ij; is equivalent to covering the maximum number of

points in I by the K disks with K =T.

Denote by OPT and |OPT| an optimal solution of I;; and the value of
OPT, respectively. A solution for I then can be derived from the solution
OPT. Recall that M is the minimum number of points required to be covered
in I. If |OPT| < M, the maximum number of sensors covered by the K disks
is less than M, and there is no feasible solution for I. Otherwise, for the
hovering location sequence H of OPT with |H| = K, we can generate a set
of points in I, where for each hovering location (X]-, Y, H ) of H, there is a
corresponding point (X, Y;) on the 2-D plane to the point set that consists of

disk locations, which is a feasible solution for I. Thus a feasible solution to
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;7 in turn returns a feasible solution to I, and the reduction is in polynomial

time. The theorem then follows. UJ

3.3 Approximation Algorithm for Data collection
Utility Maximization

In this section, we study the data collection utility maximization problem

(UMP) by proposing an approximation algorithm.

3.3.1 Overview of the Approximation Algorithm

Given the budget of I' hovering time units, the UMP is to find a closed data
collection tour for the UAV containing a sequence of hovering locations, each
with a hovering duration, aiming at maximizing the total data collection util-
ity.

The hovering location identification for the UAV is quite challenging since
it is impossible to examine every location over the UAV serving area (with
infinitely many locations). To tackle this problem, we narrow down the UAV
serving area to a finite IM-Set, which always contains a location g}, for any
time unit ¢, with the global1 maximum utility gain. From the identified M-
Set, g; is iteratively selected at each time unit ¢, for 1 < t < I it is possible
that a location is chosen within multiple iterations, i.e., g; = q; where a #
b. Consequently, a sequence L of locations are obtained after I iterations.
We then regard each distinct location | € L as a hovering location for the

UAV and recognize the number of replications of / contained in L as the

The utility gain for any location g in the UAV serving area is no greater than the utility
gain at gf at time unit t.
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hovering duration at /. Finally, a data collection tour is obtained by forming a
closed circuit visiting the selected hovering locations and the depot, with the
corresponding hovering duration. The proposed algorithm for the UMP is an

approximation algorithm with a provable approximation ratio of (1 — 3).

3.3.2 Potential Hovering Location Set: IM-Set

In the following, we propose to narrow down the UAV serving area to a finite

‘M-Set’ for further processing.

Definition 3 A potential hovering location set M is recognized as an IM-Set if it

has the following two properties:

1. M is a finite hovering location set.

2. There always exists a location q; € M, where the utility gain at g} at time
unit t is no less than the utility gain at any other location in the UAV serving

area at time unit t, for 1 <t <T.

By utilizing an IM-Set, we can identify g; by finding a location with the
largest utility gain in M at time unit ¢. In the following, we develop an
algorithm to identify an IM-Set.

Let (v,,vp) be a pair of sensors, where sensors v, € V and v, € V have
coordinates (x4,,,0) and (x3, yp,0), respectively. Denote by Oz,b such a circle
on the ground with a fixed radius v/R2 — H2 that both v, and v, are on its
circumference with s € {1,2}, and denote by |v,v;| the Euclidean distance
between v, and v,. Then, a pair of sensors can be classified into three cases

as follows.

* Case 1: |v,05| > 2V R? — H2, O3, does not exist.



66

UAV Hovering Location Identification for Utility Maximization

Figure 3.3: Only O], exists if [v,05] = 2v/R? — H?, with the center c,, =

(anerb, y“;yh,O).

e Case 2: |v,05| = 2/ R? — H?. As illustrated in Fig. only O}, exists

and v, and v, on the circumference of the circle. The center of O; p 18

= (3, 5, 0),

Case 3: 0 < |00p| < 2¢/R? — H2. There are two circles O}, and 02,

and v, and v}, are on their circumferences.

To obtain O;’b and Oﬁ,b' we first form two auxiliary circles O; and Oj
centered at v, and v}, with radius vRZ — H2 respectively. Denote by c}bb
and Cg,b the intersection points of O and O}. We can then identify O;,b
and Oﬁ,b with radius v/R2 — H2 centering at c;’b and Cg,b respectively. As
a result, both v, and v, will be on the circumferences of O;,b and Og,b'

Fig. 3.4 presents an illustrative example.

The coordinates of c;b and Cib can be obtained through solving the

following equations.

(Xop — Xa)? + (Yop — ya)? = R> — H?,
(3.14)
(Xop — xp)2 + (Yo — yp)* = R> — H.
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Figure 3.4: An illustrative example to identify O}, and O?, if 0 < |v,0vp| <
2V R? — H2. (a) Form O} and O; with radius v/ R?> — H? centered at v, and
v, respectively, where ¢!, and 2, are the intersection points. (b) Centered

at ¢l and c? respectively, Ol and O?, are obtained with radius v'R? — H?,
covering both v, and v, on their circumferences.
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Let (X!

a,b’

Yal,b) and (Xg,b' Yaz,b) be the solutions of Egs. (3.14). We then
have C}Lb = (X;’b, Yal,b,O) and Cﬁ,b = (Xﬁlb, Yib,O).

Following the discussion of the three cases, OZ,b (if exists) centered at cfl,b
for each pair of sensors v, and v, can be found. The projection of c; , at
altitude H then can be added to the M-Set M as a potential hovering location
for the UAV. Furthermore, the projection (x;,y;, H) of the coordinates of each

sensor v; at altitude H is also added to M.

The detailed algorithm for identifying an IM-Set is presented in Algorithm [4

Algorithm 4 Algorithm for identifying an IM-Set

Input: A set V of sensors, data transmission range R of sensors, hovering
altitude H of the UAV.
Output: An IM-Set;

M+ ©;
r < VR? — H?;
for each sensor v; € V do
M~ MU {(xi,y,-, H)},
for each sensor pair (v,,v;) do
if |v,0,| = 2r then
M MU {252, it ),
else if |v,0,| < 2r then
Find the solutions (X%?, Y, (X4, Y2") of Eqs. (3.14);
M = MU{(X?" Y1, H), (X557, Y57, H) )
: return M

R A S ol

[ —
)

3.3.3 Approximation Algorithm

Inspired by our previous work [Chen et al) 2020], let us now develop an
approximation algorithm for UMP with a provable (1 — %) ratio by utilizing

the IM-Set and the defined utility function.



83.3 Approximation Algorithm for Data collection Utility Maximization 69

Let L denote a sequence of locations selected for each time unit, i.e.,
L=<, ., L ..1Ir_q, It >, (3.15)

where [; is the selected location at time unit t with 1 <t <T.

Due to overlapping between covered sensors of different hovering loca-
tions, the data collection utility gain at a location m; at time unit  is de-
termined by all locations Iy,Iy,...,l;_1 selected so far. Fig. provides an
illustrative example. For the sake of convenience, we just assume the utility
margin function f;(f) of each sensor appeared on this diagram is f;(1) = 1
and f;(t) = 0 for + > 2. The utility gain at p, for the second time unit
is f5(1) + fo(1) = 2, if py is selected for the first time unit; whereas it is
f2(1) + f3(1) + f4(1) + f5(1) = 4 if p3 is selected for the first time unit. To
figure out the utility gain at a location m; and at time unit , we thus have to

focus on the remaining data at each sensor covered by m;.

Denote by T! the number of locations within the transmission range of
v; contained in the subsequence of selected locations < Iy,1,...,1; >, where
T? = 0. Once the hovering location /¢, is identified, the corresponding hov-

ering duration Ti’fH is determined as:

T! 41, ifl, 4 € L;,
T =0 l (3.16)

T! otherwise,

where [;11 € L; indicates that the selected location I;,1 is within the data
transmission range of sensor v;.

We then obtain the utility gain at a hovering location m; for a certain time

unit by aggregating the utility gain f;(T/ ' + 1) at each sensor v; € S;, where
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D

Figure 3.5: An example of the utility gain at a location at a certain time unit
affected by the selected locations so far.

fi(t) is the utility margin function at v; defined in Eq. (3.5). Recall that S; is the
set of sensors covered by hovering location m; defined in Eq.(3.2). Denote by
A(t) the utility gain at hovering location ; at time unit t, where 1 <t <T,

Thus,

Ai(t) =Y f(TIT+1). (3.17)
U,‘GSj
Having the set M-Set M and the utility gain A;(t) at each location m; €

M, the proposed algorithm for UMP proceeds as follows.
Initialization. T? = 0 for any sensor v; € V.

Identification of the location sequence L. For each t with 1 < t < T,
we iteratively select a location /; = mj: with the maximum Aj:(t) from the
M-Set M according to Eq. , and obtain T! for each v; € V by Eq.
(.16). Consequently, a hovering location sequence L defined in Eq. is

obtained.

Extraction of hovering duration. Each distinct location in L is a hov-

ering location of the UAV. Note that, there could be multiple duplicates of
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a hovering location in L, and the number of duplicates of a location m; is
counted as the hovering duration at m;. For instance, for the case where
L =< p1,pa P1, P2, P1, P4 > with I' = 6, the hovering locations for the UAV

are p1, p2 and p4 with hovering duration 3, 1 and 2 time units, respectively.

Data collection tour scheduling. With the hovering locations extracted
from L, a data collection tour is generated by forming a closed circuit visit-
ing each selected hovering location including the depot, with corresponding

hovering duration identified by the previous step.

Algorithm 5 Algorithm for the UMP

Input: A set V of sensors, data transmission range R of sensors, hovering
altitude H of the UAV, the maximum number I' of hovering time units of
the UAV per tour.

Output: A data collection tour C for the UAV;

1: An M-Set M is delivered by calling Algorithm [4;

2: §j is derived for each location m; € M;

3: E< {E; =0]|mj € M}; /*E; is hovering duration at m;*/

4 T+ {T'=0]0<t<T, v;€V};

5: for t <~ 1toI' do

6: Identify an index j* such that j* « argmax,, ¢ g A(t) by Eq. (3.17);
7: E]* — E]* +1;

8  for eachv; € V do

9: if v; € S then
10: T T 1+ 1;
11: else
12: T+ T
13: for each m; € M do
14:  if E]- > 1 then
15: F « Fu{(m;Ep)};
16:  Find a closed tour C containing the depot and each location m; in F,

where E; is the hovering duration when the UAV sojourns at m; for
data collection;
17: return C
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3.4 Algorithm Analysis

In this section, we first show that the hovering location set M delivered by
Algorithm [4]is consistent with the properties of IM-Set in Definition 3| Then
we show that the approximation ratio of Algorithm [5/is (1 — 1), where e is
the base of natural logarithm.

Denote by M; and M; the subsets of locations identified from sensor
locations (Step [3] and Step [ of Algorithm 1) and sensor pairs (from Step
to Step [10[of Algorithm 1), respectively. We consider the utility gain at time
unit ¢, where locations 14,1, ..., 1;_1 for the first (t — 1) time units have been
identified already. Denote by pyuqyx the location with the maximum utility
gain Ay, over the UAV serving area at time unit {, which is not necessarily
contained in M. Denote by S;;,x the data collection sensor set of pyax. To
show that there exists a location m € M with the same utility gain Ay, = Ay

at time unit t, we consider |Syax| = 1 and |Spax| > 2 respectively.

Lemma 4 If |Spax| = 1, there exists a location m € My with the utility gain

Ny = Aoy at time unit t.

Proof Denote by v,y the only sensor in Sy with location (Xmax, Yimax,0),
i.e., Smax = {Umax}. In Algorithm 1, m = (Xmax, Ymax, H) is an element in M1
according to Step [3|and Step [ Letting S, denote the data collection sensor
set of m, clearly vy € Sy. Thus Syax € Sy with Apgy < Ay Since Ayay is
the global maximum utility gain at time unit ¢, we have Ay, > Ay, hence

Am = Npax- U

Lemma 5 If [Syax| > 2, there exists a location m € My, with the utility gain

Ny = Njay at time unit t.
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O’I naxr

Movement

Figure 3.6: An instance of Movement and Rotation.

Proof The claim can be shown as long as a location m € My with Ay, = Apax
can be found. In the following, we show how to identify location m from M.

We first find a disk Oy on the ground centered at the projection of pyax
with radius r = \/m, where sensors covered by O,y (including sensors
inside the disk area and sensors on its circumference) are the same as sensors
contained in S;;;¢. If the number of sensors on the circumference of disk
Opmax is no less than 2, we can obtain a location m = pu.y; otherwise, we

find location m by performing operations: Movement and Rotation. (For an

example, see Figure [3.6])

e Movement: If no sensor is on the circumference of disk Oy, move the

disk in an arbitrary direction until a sensor sits on its circumference.

Denote by O),,, and p;,,, the disk and its center after the Movement op-
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eration. Note that, it is very likely to have more than one sensor on the
circumference of disk O},,,. We can identify the location m = pj,,, if there
are at least 2 sensors on the circumference of O),,,. Otherwise, we proceed

with the Rotation operation as follows.

* Rotation: Denote by v’ the location of the only one sensor on the circum-
ference of disk O;,,,. Rotate disk O},,, about the pivot point ¢’ in either
clockwise or anti-clockwise direction until a sensor (other than v’) is on

its circumference.

1 1

Denoting by O, and pj;,, the disk and its center after the Rotation

operation, the location m = p;,,,, can be obtained. It is possible that there are

1/

more than two sensors sitting on the circumference of disk O,

We conclude that the location m is either puax, Piyaxs OF Pinax- CoOnse-
quently, we find a disk Oyax, Olyyay OF Ol centered at m with no less than
two sensors sitting on its circumference. Let v, and v, be any two sensors on
the circumference of the disk. By Step || to Step [10|in Algorithm 1, one or
two locations can be identified based on (v,, v,), which must contain m. This
is due to the fact that with a fixed radius and two nodes on the circumference,
at most two circles can be formed. We thus have m € M.

Having identified the location m, we now show that the sensors covered
by Oyax do not change when applying both the Movement and Rotation
operations.

Movement starts when no sensor is on the circumference of Oy, and ends

at O/

max When the first sensor is on its the circumference. Let v, be a sensor

on the circumference of O),,,. Before v, is on the circumference, no sensor

covered by Oy (sensors inside or on the circumference of O,,.y) leaves out
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of Oyax during the Movement operation. Otherwise, this conflicts with the

/

fact that sensor v, is the first sensor on the circumference. Denote by A;,,,

the utility gain of sensors covered by O},,, at time unit . We then have
N)pax = Apax. Since Apgy is the maximum utility gain at time ¢ over the UAV
serving area, i.e., Amax > Njpur, We have Aoy = AJyuy-

Rotation starts with O},,, when only one sensor ¢’ is on its circumference,
and ends at O)),,. when the first sensor (other than v’) is on the circumference
of O}, Let Al be the utility gain of sensors covered by Oj,... Then A, . =
AJ,. can be shown similar to the Movement operation.

Thus, Movement and Rotation operations do not change the sensors cov-

ered by disk Oyux. As a result, there must exist a location m € Mj, with

Am = Npax if |Smax‘ >2.0

Theorem 8 The hovering location set M generated by Algorithm [4]is an IM-Set
by the properties in Definition

Proof Following Lemma [ and Lemma [} there always exists a location m €
M with the maximum utility gain compared with other locations in the UAV
serving area at any time unit. From Step [3| to Step [}, and from Step [f| to
Step [10] in Algorithm [4] there are at most |V| and |V| - (|V| — 1) locations
identified, respectively. The set M thus is a finite set, and theorem follows.

H

We now analyze the approximation ratio of the proposed Algorithm
A location I} = mj with the maximum utility gain is selected from M-Set
at time unit f by Step [l Denote by z; the increment of the total utility gain
by selecting Iy = mj-, i.e, z = Aj(t). Denote by Z; the total utility gain by

selecting 11,1y, ...., I} so far, i.e.,Z; = ch:l zyx. Let OPT and g; denote the total
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utility gain of the optimal solution, and the difference between OPT and Z;,
i.e., gr = OPT — Zt.

Lemma 6 (i) z;.1 > §, for 0 <t <T — 1, wherezg = Zg = 0, and gy = OPT.

(ii) g1 < (1— )1 OPT, for0 <t <T'—1.

Proof (i) Recall that g; is the difference of the total utility gain between OPT
and Z;. By the Pigeonhole Principle, one of the I' selections in the optimal
solution must have at least §+ amount of utility gain. Note that the utility gain
at [;41 at time ¢ + 1 is no less than the utility gain at other locations in M,
which always contains the location with the global maximum utility gain by
Theorem |8 Therefore, we have that z;; is the global maximum utility gain
at time unit t, i.e., zy11 > % for0<t<T-—1.

(ii) We show the claim by induction. For the base case t = 0, since g; =

OPT — Z;, we have

¢1 < OPT — Z; = OPT — z; (3.18)
80 "
< OPT — T by Lemma (3.19)
PT 1
— OPT — OT = (1-)-0PT (3.20)

Assuming that gt < (1— {)!- OPT, we show as follows g1 < (1 —

£)1-OPT.
St+1 =8t — Zt41 < 8§t — % by Lemma (3.21)
1
= g(1— f) (3.22)
1

< (1- f)tﬂ - OPT, by induction hypothesis (3.23)
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Theorem 9 The approximation ratio of Algorithm [5|for the Utility Maximization
: 1
Problem is (1 — 3).

Proof By Lemma@ gr < (1—1)V-OPT. Since (1 —$)' ~ 1, we have gr <

%. Thus,

Zr = OPT — ar
> OPT — OPT
e
— OPT(1— %). (3.24)

Hence, the proof follows. []

3.5 Performance Evaluation

In this section, we evaluate the performance of the proposed algorithms by
simulation experiments, and investigate the impacts of important parameters

on the algorithm performance.

3.5.1 Experimental Settings

We consider a UAV-enabled WSN deployed in an area with 1,000 x 1,000

square meters, where sensors are randomly distributed [Chen et al., 2020].

The data transmission range and bandwidth of each sensor v; are 150 meters

and 1 Mbps, respectively [Theunissen et al., 2018|]. The utility margin function
1

of each sensor v; is generated by f;(t) = a X i where « € [1, 100], B €



78 UAV Hovering Location Identification for Utility Maximization

[0.1, 1] and € [1, 2] are constants. We employ a UAV for data collection,
with the hovering altitude H = 120 meters. The hovering budget of the UAV
is set as I' = 1,800 seconds [Chen et al., 2020], where the length of each
time unit is one second. These parameters are adopted in the default setting,

unless otherwise specified.

3.5.2 Comparison Heuristics

Since the UMP is a new problem, existing algorithms in the literature can not
be directly compared with it. To evaluate the performance of Algorithm

for the UMP, we propose the following four baseline heuristics.

D-Gre. It first discretizes the monitoring area into square regions with a side
length of 10 meters. It then adopts a Greedy algorithm for generating a UAV
data collection tour, i.e., a region dy;;; with the maximum utility is selected
iteratively, and the UAV hovers at a random location py,sx within the region
Amayx until all data from sensors in S,y are collected. This procedure contin-

ues until the accumulative hovering time of the UAV reaches the budget.

R-Gre. It first identifies 100 locations randomly from the UAV serving area
as potential hovering locations. It then adopts the Greedy algorithm to itera-
tively select a location p,y with the maximum utility from the 100 identified

locations.

S-Gre. The projection (x;,y;, H) of each sensor v; at altitude H is regarded as
a potential hovering location for the UAV, with Greedy adopted for forming a

UAV data collection tour.

S-N. The projection of each sensor v; at altitude H is recognized as a potential

hovering location for the UAV. From these identified locations, p.x, with the
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maximum utility is selected, where the UAV will collect all data from the
Sensors in Syax,. Then pyy, is selected from the neighbors of pay, (no larger
than 180 meters away from p;;.yx,) Where data are also fully collected. The
procedure continues until the accumulative hovering time of the UAV reaches
the budget.

The value plotted in each figure is the mean of the results out of 50 WSN
instances with the same size. The running time of all mentioned simulations

is obtained from a desktop with 4.0 GHz Intel Core i7 CPU and 32 GB RAM.

3.5.3 Experimental Results

We first evaluate the performance of Algorithm 1 that aims to identify po-
tential hovering locations for the UAV in order to maximize the total utility
in the end.

Here we propose grid-based four heuristics D-10, D-50, D-100 and D-200
for comparison purposes, which divide the monitoring area of sensors into
numbers of square regions with side lengths 10, 50, 100 and 200 meters re-
spectively and adopt Step |2 to Step [17|of Algorithm 2 for generating a UAV
data collection tour.

We evaluate the performance of Algorithm 1 by comparing the simula-
tion results of Algorithm 2 (denoted by Alg02) against the mentioned four
heuristics, where the only difference between them is the set of identified po-
tential hovering locations. The square sizes of the simulated networks vary
from 600 meters to 1,500 meters, with 400 sensors randomly deployed.

Fig. B.7(a) demonstrates that the data collection utility of Alg02 signifi-
cantly outperforms other discretization-based heuristics. With increasing net-

work area, the data collection utility of all such algorithms declines, due to
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Figure 3.7: Performance of Al1g02, D-10, D-50, D-100 and D-200 in WSNs by
varying the side length of the network area from 600 meters to 1,500 meters.

the fact that fewer sensors are located in the data reception range of the UAV
in sparser networks. Fig.[3.7(b) plots the running time of Alg02, which de-
creases with the size of the network area, while it increases rapidly for other
discretization-based heuristics.

Next we compare the performance of Algorithm 2 with the aforemen-
tioned four heuristics D-Gre, R-Gre, S-Gre and S-N, by varying the number
of sensors from 100 to 1,000. Fig[3.8(a) depicts that Alg02 significantly out-
performs the four mentioned heuristics. In particular, the utility delivered by
Alg02 is approximately 149% of that by D-Gre, and 170% of the utilities by

other heuristics. Fig[3.8(b) plots the running time of the proposed algorithms.

3.5.4 Impacts of Parameters on the Performance

We investigate the impacts of the UAV hovering budget and the data trans-
mission range of sensors on the performance of the algorithms in sensor net-
works of 400 sensors.

We first study the impact of the UAV hovering budget on the performance
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Figure 3.8: Performance of Alg02, D-Gre, R-Gre and S-Gre, S-N in WSNs
consisting of sensors from 100 to 1, 000.

of the mentioned algorithms, by varying the UAV hovering budget from 1,000
to 10,000 time units. Fig. B.9(a) shows that the utilities of different algo-
rithms rapidly grow with the increase on the UAV hovering budget. It can
be seen that Alg02 significantly outperforms the other heuristics in all cases.
Fig.[3.9(b) demonstrates that the running time of A1g02 increases with that of
the UAV hovering budget.

We also investigate the impact of the transmission range of sensors on the
performance of the mentioned algorithms. Note that the data transmission
range of sensors should be no less than the hovering altitude of the UAV;

otherwise, the transmitted data from sensors cannot be collected by the UAV.

We evaluate the performance of the proposed algorithms by varying the
data transmission range of sensors from 140 meters to 200 meters. It can be
seen from Fig.[3.10(a) that the utilities delivered by different algorithms grow
with the increase on the data transmission range, due to the fact that more
sensors can be covered by the UAV. Fig. B.10(b) plots the running times of

different algorithms.
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Figure 3.9: Performance of Al1g02, D-Gre, R-Gre and S-Gre, S-N in WSNs
with UAV hovering budgets from 1,000 to 10,000 seconds.
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Figure 3.10: Performance of A1g02, D-Gre, R-Gre and S-Gre, S-N in WSNs by
varying the data transmission range of sensors from 140 meters to 200 meters.
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3.6 Summary

In this chapter, we studied the maximization of data collection utility in a
UAV-enabled WSN under the one-to-many data collection scheme, where the
UAV hovering location positioning and the data collection utility need to be
jointly considered. To this end, we first formulated the data collection util-
ity maximization problem (UMP). We then devised an efficient algorithm to
identify a finite set of potential hovering locations for the UAV that improves
the data collection utility significantly. we further proposed an approxima-
tion algorithm for UMP with an approximation ratio of (1 — 1). Finally, we
evaluated the proposed algorithm through simulation study and compared
with four baseline greedy heuristics. Simulation results demonstrate that the
proposed algorithm significantly outperforms the greedy heuristics. As part
of future work, we plan to take into consideration the energy consumption of

the UAV during the tour for data collection utility maximization in wireless

sensor networks.
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Chapter 4

UAV Trajectory Designing for Data

Collection Maximization

4.1 Introduction

Wireless Sensor Networks (WSNs) play important roles in various applica-
tions, including health monitoring [Liu et al., 2011], ocean monitoring [Sha-
hanaghi et al., 2019] and area coverage [Chen et al., 2019]. Massive sensory
data are continuously generated by sensors, data collection thus is a crucial
issue to avoid data loss and data overwritten in WSNs. With high mobility
and flexibility, the Unmanned Aerial Vehicle (UAV) has attracted consider-
able attention for data collection in recent years. By adopting the Orthogonal
Frequency Division Multiple Access (OFDMA) technique, the UAV is capa-
ble to collect data from multiple sensors within its communication range si-
multaneously. This data collection scheme is referred to as the one-to-many
data collection scheme, which can improve the data collection efficiency signifi-
cantly, compared with the conventional one-to-one data collection scheme where
the UAV can only collect the sensory data from one sensor at each time.
However, the one-to-many data collection scheme also poses challenges. For
example, which sensors” data should be collected during a data collection

tour, constrained by the battery capacity of the UAV? Considering that there

85
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are infinitely many potential hovering locations for the UAV within its mon-
itoring area, which locations should be chosen as its hovering locations and
how long the UAV should sojourn at each chosen hovering location? In this

chapter, we will address the challenges.

Extensive studies on data collection in UAV-enabled WSNs have been con-
ducted in past years. For example, Zhang et al. [Zhang et al., 2021] considered
the freshness of data collection by deploying the minimum number of UAVs
and finding data collection tours for the UAVs, where each tour is constrained
by a rigid delay. Gong et al. [Gong et al., 2018a] investigated the minimization
of the total aviation time of a UAV to collect a certain volume of data from
each sensor, where sensors are located on a straight line and only one sensor
is served at each time. Liu et al. [Liu et al., 2018]] studied the age-optimal tra-
jectory for a UAV to collect data from sensors with different priorities under
the one-to-one data collection scheme. Supported by the OFDMA technique,
Mozaffari et al. [Mozaffari et al., 2016] focused on optimizing trajectories of
multiple UAVs, aiming at minimizing the energy consumption of IoT devices,
where data from all sensors are fully collected. Say et al. [Say et al., 2016] pro-
posed a framework of data collection in a UAV-enabled WSN with the aim to
maximize the network throughput, where sensors within the UAV coverage
area can transmit their data to the UAV simultaneously, by assigning higher
priorities to sensors in hot spots for their data packet uploading. Li et al. [Li
et al., 2020] considered the energy consumption of a UAV on both hovering
and traveling, aiming to find an optimal trajectory for the UAV to maximize
the volume of data collected, assuming that a set of potential hovering loca-

tions for a UAV is given in advance.

In Chapter [2| and Chapter [3, we focused on the data collection volume
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and utility maximization in WSNs via deploying an energy-constrained UAYV,
where sensory data of sensors can be partially collected at each tour of the
UAV. In this chapter, we studied a scenario when data from a sensor should be
fully collected. To be specific, under the one-to-many data collection scheme,
when the UAV collects data at a hovering location, it can collect data from
multiple sensors simultaneously as long as the sensors are within the data
collection range of the UAV, as we referred to in Chapter 2l and Chapter
The partial data collection mode that is studied in Chapter 2| and _3| allows
data to remain at those sensors which have transferred data to the UAV. In
contrast, the full data collection mode requires that the UAV cannot fly away
until data from sensors within its data collection range are fully collected,
without any remaining data at sensors that have contacted the UAV before.
Furthermore, in this chapter, we study a challenging data collection max-
imization problem considering the energy constraint on a UAV, where the
UAV consumes energy on both hovering and mechanical movement. We also
consider the identification of hovering locations for the UAV from infinitely
many potential ones corresponding to the different data collection rates of
sensors. The identification of hovering locations for the UAV from infinitely
many potential ones makes the data collection tour finding more difficult,
as different locations correspond to different data collection rates of sensors,
which impacts significantly on the data collection efficiency. Besides, we con-
sider the fluctuation of data transmission ranges of sensors caused by the
different Euclidean distances between sensors and the UAV. Fig. 4.1/ shows an

illustrative example of the UAV data collection tour.

The novelties of this study lie in that a novel data collection maximization

problem via the deployment of an energy-constrained UAV is formulated,



88 UAV Trajectory Designing for Data Collection Maximization

° Oc——©

D Depot

UAV

o a» - = [ -2 5 Sensor
o
@ UAV Hovering Location
(-] o
= Unselected UAV Hovering
[ -2 == [ -2 ® Location Candidate
o>

—>» UAV Traveling Route

Figure 4.1: An illustrative example of a UAV data collection tour.

and a promising algorithm for the problem is devised, by jointly considering
data transmission rates of sensors and hovering locations of the UAV.

The main contributions of the chapter are as follows. We first formulate
a novel UAV-enabled data collection maximization problem under the one-
to-many data collection scheme and show the NP-hardness of the problem.
We then devise an efficient algorithm for the problem, by jointly considering
the UAV hovering locations and data transmission rates of sensors. We fi-
nally evaluate the performance of the proposed algorithm through extensive
experimental simulations. Simulation results demonstrate that the proposed
algorithm is promising.

The objective of this research is to maximize the volume of data collected
by a single UAV during each tour, while being limited by its energy capacity.
The WSN deployed in this study consists of homogeneous and static sensors.
The UAV’s one-to-many data collection mode enables it to simultaneously
collect data from multiple sensors. Moreover, the fluctuation of data trans-
mission rate with the distance between the UAV and each sensor is taken
into account. Additionally, this study also considers the energy consumption

incurred by the UAV during its mechanical movement. This work is focused
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on finding a closed data collection tour, which includes sequences of each
visited hovering location and the corresponding hovering duration at each
location. These limitations should be considered while analyzing the results
and drawing conclusions from the study.

The remainder of this chapter is organized as follows. Section {4.2] intro-
duces the system model and the problem definition. Section 4.3| proposes an
efficient heuristic algorithm for the problem, and Section evaluates the

performance of the proposed algorithm. Section 4.5/ concludes the chapter.

4.2 Preliminaries

In this section, we first introduce the system model and the energy consump-

tion model of a UAV. We then define the problem precisely.

4.2.1  System Model

Consider a WSN with a set V = {v; | 1 < i < N} of homogeneous sensors.
Denote by (x;,y;,0) the location of sensor v; € V. Assume that each sensor v;
with transmission range R has a volume D; of sensory data stored locally for
later collection, where the data from v; can be transmitted to a data receiver
if the Euclidean distance between v; and the receiver is no greater than R. An
OFDMA-applied UAV is adopted to collect sensory data from sensors in the
WSN. Guided by a pre-defined data collection schedule, the UAV flies above
the monitoring area of the WSN and hovers at certain locations to collect data
from multiple sensors simultaneously. It is assumed that the total energy
consumption of the UAV per tour is constrained by its energy capacity T,

which consists of the energy consumptions on its mechanical movement and
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hovering with the energy consumption rates 7, and 7y, respectively.

Each data collection tour of the UAV is a closed tour that starts from and
ends at a depot, and the UAV will visit the hovering locations in the tour
one by one with a specified hovering duration at each hovering location. As-
sume that H = (hy, hy, ..., h, ..., hg) is the sequence of K hovering locations
(excluding the depot) on the tour, where hy is the kth location. Note that,
both hy and hg 4 refer to the depot, which are excluded in ‘H for the sake of
convenience.

Denote by V' (hy) the set of sensors whose data can be collected when the

UAV hovers at location hj with coordinates (X, Yy, Zx), then
V(i) = {oi | (xi = X)* + (yi = Ya)* < R* = Zf, v; € V}, (4.1)

where Zj is the hovering altitude of the UAV. In this chapter, we assume that

the UAV hovers at a fixed altitude L [Li et al,, 2020] that is no greater than R.
Denote by r;(hy) the data transmission rate of sensor v; when the UAV

hovers at location h. Following the Shannon-Hartley formula [Tse and Viswanath,

2005] [Xiong and Shan, 2018], we have

ri(ly) = log (1 + d(vl‘f—lhk)m) 4.2)

where d(v;, hy) is the Euclidean distance between sensor v; and hovering lo-
cation hy, a is a given path loss exponent with the range between 2 and 6, and
0; is the transmission power of sensor v;.

Due to the limited energy capacity imposed on the UAV, it is intuitively
to enlarge its energy spending on hovering to improve the data collection

efficiency, we thus assume that the UAV hovers at hovering location hj for
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a minimum duration until all data from the sensors in V(l) are fully col-
lected [Li et al., 2020]. When the UAV hovers at location #, the set of sensors
whose data to be collected is V(i) \ UK, V(hy), where hy, hy, ..., hy_q are
the hovering locations visited by the UAV so far prior to the visit to location
hy.

The hovering duration t; of the UAV at hovering location hj thus is calcu-

lated as follows.

D;
ty = max

’ 4.3
oieV (h)\US, V(i >Vi<hk>} )

where 81 ) is the time duration of the UAV to fully collect data from v;. It
can be seen that the value of t; is determined not only by the data volume
of sensors in V() but also by previous hovering locations visited by the
UAV: hy, hy, ..., h_q. Note that, once the sequence of locations in the tour is
given, the value of t; can be calculated by Eq. directly. The finding of the
data collection tour thus is equivalent to determine a sequence of hovering
locations for the UAV, i.e., H = (hy,hy, ..., I, ..., hk).

Denote by uy the volume of data collected by the UAV at hovering location

hi, which can be calculated by accumulating the data stored at sensors in

V(i) \ Uy, 2y V(l), e,

U, = Y. D,. (4.4)

0 €V () \UE L Vih)

Denote by U(#) the total volume of data collected during tour #, then

= ) u (4.5)

hyeH
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We then define the following operations on a hovering location sequence

(hy,hy, ..., hk).
e Append. Add a new location p’ to the end of the sequence, i.e.,

(hl,hz,...,h[()-l-p/ = (]’ll,hz,...,hK,p/). (46)

* Replacement. Replace a location with index « by a new location p, i.e.,

(1, ha, . By, ey g, - hi) 7P (47)

- (hlthI---/htx—l/ cha+1/~--/hK)- (48)

* Pruning. Remove a location with index « from the sequence, i.e.,

(hlthI- . -/hzx—lrhm hﬂc-l-l/' . -/hK) - th (49)

= (h1,hoy .. a1, hgsn, - - hg). (4.10)

4.2.2 The Energy Consumption Model of the UAV

Denote by Ej () the accumulative energy consumption of the UAV on hov-

ering during tour H, which can be expressed as follows.

Ep({) =mn- Yt (4.11)
hyeH

Recall that 7;, and t; are the hovering energy consumption rate of the UAV
and the hovering duration at hy, respectively.

Denote by E, () the accumulative energy consumption of the UAV on
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its mechanical movement during tour #, i.e.,

|

En(H) = tm - Y d(hi, Biia). (4.12)
k=0

Recall that #,, and d(hy, hyy1) are the energy consumption rate of the UAV
mechanical movement and the Euclidean distance between hy and hy 4, re-
spectively. Note that locations g and /3,1 represent the same location - the

depot.

Denote by E(#) the total energy consumption of the UAV on tour #, then
E(H) = Ex(H) + En(H), (4.13)

which is constrained by the energy capacity I' of the UAV.

4.2.3 Problem Definition

We here formulate a novel data collection maximization problem by using a
UAV under the one-to-many data collection scheme. Given a WSN with a set
V = {v; | 1 <i < N} of homogeneous sensors located on the ground, the
UAV Data Collection Maximization Problem is to find a closed data collection
tour ‘H for the UAV to maximize the accumulative volume of data collected

along the tour, subject to the energy capacity I' on the UAV.
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We formalize the problem as follows.

Maximize U(H) (4.14)
5.t (4.15)
H=(l, h,..., hx), (4.16)
KeNT, (4.17)
E(H)<T, (4.18)

Eq. , , , , , (4.11), (4.12), (4.13)). (4.19)

4.3 Algorithm

In this section, we propose an efficient algorithm for the UAV data collection

maximization problem.

4.3.1 Algorithm Overview

The basic idea behind the proposed algorithm is as follows. We first discretize
the UAV hovering plane by sets of concentric circles with different radii cen-
tered at the projection of each sensor location, where each spot is regarded as
a potential hovering location for the UAV. We then find a data collection tour
for the UAV in a novel way. That is, based on an initial tour H, each location
on H is iteratively assigned with a substitutive point, and H is updated by
replacing a location with its substitutive point at each iteration. When the
number of tour updates exceeds a pre-defined threshold 6, one of the loca-
tions on ‘H will be removed. The algorithm proceeds iteratively until the total

energy consumption of the UAV is no greater than its capacity.
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4.3.2 Potential Hovering Location Identifications

Inspired by the work in [Fu et al., 2015], in the following we show how to
reduce infinitely many potential hovering locations of the UAV to a finite

number of potential hovering locations (spots).

For each sensor projection v} on the UAV hovering plane, we draw a set
of concentric circles centered at v} with increasing radii ag, a1, ay, . .., ap with
apy < Rand apr1 > R, such that when the UAV hovers on the circumference

of the circle with radius a,,, the data transmission rate log(1 + ——2——)

(Van?+L2)"
calculated by Eq. is equal to

1
where @ (0 < & < 1) is a constant between 0 and 1, and log(1 + ;) is the
data transmission rate of sensor v; with a unit Euclidean distance away from
the UAV. As a result, the data transmission rate between any two conjunctive
circles with radii a,, and a,,11 is bounded between % -log(1+ 0;) and ﬁ :

log(1 + 0;) respectively, where the values of a,, with 0 < m < M can be

calculated by the expression (4.20).

Consequently, the 2-D hovering plane of the UAV is partitioned into a set
of small-sized spots by arcs of the circles, as shown in Fig. #.2(b). We refer
to each of the separated spots as a potential hovering location for the UAYV,
and denote by P the set of potential hovering locations whose cardinality is

bounded, which will be shown later.



96 UAV Trajectory Designing for Data Collection Maximization

® Sensor Projection
Ground Plane S Sensor
(a)

~ UAV Hovering Plane

Figure 4.2: Potential hovering location identifications: (a) a set of concentric
circles centered at the projection of a sensor. (b) The aerial view of the UAV
hovering plane discretized by sets of concentric circles.
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4.3.3 Data Collection Tour Scheduling

We find the data collection tour for the UAV by finding a sequence of hovering
locations in P.

Given a partial tour 7, we define the Expanding Ratio p*(p;) as the ratio
of the increment of collected data volume to the increment of the hovering

energy cost, by adding p; into H as the last hovering location, i.e.,

() UL+~ U
O = B (M + pj) — Ex(H)

(4.21)

Define the Pruning Ratio as the ratio of the decrement of the collected data
volume to the decrement of the total energy consumption of the UAV, by

removing h, from the tour, i.e.,

P (hy) = . (4.22)

The algorithm proceeds as follows.
Tour Initialization: Start from an empty tour H, we iteratively expand
#H by selecting an unvisited location p;+ € P\ P(H) with the maximum

oF (pj+), and adding it on H as the last visited location, i.e.,

it = argmaxpjep\P(H)pE(pj), (4.23)

where P(H) denotes the set of hovering locations on #. The tour expanding
continues until the total hovering energy Ej(#) exceeds the energy capacity
I' of the UAV.

Tour H then contains a sequence of visited locations. We then consider

HTSP

another tour , which is defined as the tour with exactly same visited
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@® Unvisited location
@ Visited location on the tour H
— UAV traveling path

hk—l—l \\\‘

Figure 4.3: With focal points h_1 and k1, an ellipse £(hy) can be obtained
by letting /. sit on its circumference. /1 is the chosen substitutive location for
hy, which is inside £ (hy) and is unvisited by the UAV.

locations as ‘H but with a minimum closed tour to visit them. It can be seen
that U(HTSP) = U(H) since P(HTP) = P(H), and E,(HT?) < En(H)

according to the definition of T5".

However, as we mentioned before that different visiting orders of a set
of visited locations may result in different hovering duration at each location
by Eq. (#3), it is uncertain whether E,(H'5") < Ej,(H). In the case where
E,(HTSP) < Eu(H), we replace H by HTS? and continue adding new loca-
tions to H by Eq. 23), until both Ej,(HT5") and Ej,(#) are greater than
I'. It then proceeds to the operation of Substitution Selection and Tour

Update as follows.

Substitution Selection and Tour Update: For the partial tour H delivered
so far, we have that E;,(H) > I and thus E(H) > T. In this step, we reduce
the mechanical movement energy consumption E,,(H), while mitigating the

decrement on the volume of the collected data.

Within each iteration, we find a substitutive location h,’c for each visited

location /i on tour H in the following ways. As shown in Fig. let hy_q
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and /1 on H be the two focal points (where hy and hg_ are the location of
the depot), then we can obtain an ellipse & (hy) with hy sitting on the circum-
ference. Note that (/) is unique since with two focal points and a point on
the circumference, only one ellipse can be obtained. Denote by P (€ (hy)) the
subset of potential hovering locations in P inside & () (excluding locations
on the circumference), and P’(E(hy)) the subset of unvisited potential hov-
ering locations of P(E(hy)), i.e., P (E(h)) = P(E(hk)) \ (P(H) NP(E(hy)))-
We then find an unvisited potential hovering location py € P'(£(hy)) that

satisfies
j' = argmin, cpig ) U(H) = u(H"=hi). (4.24)

Then, hy. = pj is the substitutive location for /.
With a substitutive location for each location on H, we then update the
tour as follows.

We select the hovering location /i« on H which satisfies
k* = argminy, o U(H) — U (KM, (4.25)

We replace hy by k. on H, and replace H by HT5 if E(HTS?) < E(H).
When the tour H is updated at each iteration, the mechanical movement
energy consumption E,,(#) declines, which will be proved later. The algo-
rithm terminates when the total energy consumption E(H) is no greater than
I.
However, there is an extreme case where E(7#) is not converging, since the
replacement with a substitutive location may enlarge E; () and E(H). To

deal with this case, we introduce a threshold 6, such that when the number of
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tour updates exceeds 0, it proceeds to the following Tour Pruning operation
to further reduce E(H).

Tour Pruning: When the number of tour updates exceeds a predefined
threshold 6, we choose a hovering location - on ‘H with the minimum pp

ratio, i.e.,

k= argminhkep(H)pP(hk). (4.26)

We then remove i from the tour and replace tour H by H'5" if E(HTSP) <
E(H). It proceeds to the previous step — Substitution Selection and
Tour Update if E(#H) > I'; otherwise, the algorithm terminates.

As a result, H is the data collection tour of the UAV. The detailed algo-

rithm for finding H is shown in Algorithm[g|

4.3.4 Algorithm Analysis

The rest is dedicated to the theoretical analysis of the proposed algorithm. We
tirst show the NP-hardness of the UAV data collection maximization prob-
lem. We then prove that the set of potential hovering locations separated by
concentric circles is finite. We finally show that the energy consumption on
mechanical movement E,,(H) of the UAV decreases, by replacing a visited

location on ‘H with its substitutive location.
Theorem 10 The UAV data collection maximization problem is NP-hard.

Proof We show the claim by a reduction from an NP-hard Robust k-Center
(RKC) problem [Charikar et al., 2001] [Xiao et al., 2004], which is using k
identical disks with radius r to cover at least p points of a given point set V

in a 2-D plane, where k, p and r are given.
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Algorithm 6 Algorithm for the UAV data collection maximization problem

Input: A set V = {v; | 1 <i < N} of sensors; data volume D; of v;; data

transmission range R; the energy capacity I" for the UAV per tour.

Output: A data collection tour H for the UAV.

1:

10:
11:
12:

13:
14:
15:

16:
17:
18:
19:
20:
21:
22:
23:
24:
25:

2
3
4
5:
6
7
8
9

Discretize the UAV hovering plane by sets of concentric circles with dif-
ferent radii based on Eq. (4.20), and form the potential hovering location
set P;

: H<+— O, K« 0; F + P;
: while E; (%) <T and |F| > 0 do

jt o+ argmaxpjep\P(H)pE(Pj);
K< K+ 1 hg < pje; H < H+hg, F < F\{pj+};
if £,(H) > T and E,(H) > E,(H™S?) then

H «— HTSP;

: while E(H#) > T do

r < 0; /* number of iterations*/
while » < 6 do
fork < 1to K do
Draw an ellipse & (hy) with focal points h;_q and hy,q, with I on
the circumference;
i~ argminpjep,(g(hk))ll(’}-l) — U(H"Pi);
My < py; :
k* « argmin;, ,, U(H) — U (H"M);
H <+ Hhk*%hli*; r<—r+1;
if E(H) > E(HTS?) then
H — HTSP,
if E(H) <T then
return H
k= « argminhkep(H)pP(hk);
H<+— H— hk—,'
if E(H) > E(H™S") then
H < HTF,
return H
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Denote by Ir and Ij; the instances of the RKC and the UAV data collection
maximization problem, respectively. The number of disks of Iz corresponds
to the UAV energy capacity in Ijj, i.e, I' = k and we further set 1, = 1
and 77, = 0 (neglecting the energy consumption of the UAV on mechanical
movement).

Denote by Vi and Vy; the point set in I, and the sensor set in I;; respec-
tively, where for each vertex v; = (x;,y;) and v; € Vg, there exists a sensor
v} € Vi with location (x;,y;,0) and the volume D; = 1 of data stored locally.

For the data transmission rate in Eq. {#.2), it has 0; = 1 and « = 0, such that
for any v; and hy, we have r;(h;) = 1. As a result, the hovering duration of the
UAV at any visited location would be exactly 1 time unit. The transmission
range of each sensor is R = V12 + 12, where r is the radius of disks of [ R, and
L is the hovering altitude of the UAV.

It can be seen that a solution to Ij; returns a solution to Iz, and the reduc-

tion is polynomial. The theorem then follows. [

Theorem 11 The number of potential hovering locations in P is at most |V|>M? —
|V|M + 2, where V is the set of sensors, M is the number of circles centered at each

sensor projection.

Proof According to Eq.(.20) that log(1 + (\/ﬂm‘;iﬁ) = g - log(1+0;), we
can calculate aq,a;, a3, ... by setting m = 1,2, 3, ... respectively, where we can
tind a constant M satistying a); < R and ap1+1 > R. Then, M is the number
of circles centered at each sensor.

Since the number of sensors on the WSN is ||, the number of circles on

the UAV hovering plane is |V| - M.

By [Mark et al.,2008|] and [Fu et al.,2015]], the number of regions separated
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by these circles, which are also referred to as potential hovering locations for

the UAV, is at most |V|?M? — |[V|M +2. O

Theorem 12 E,,(H) decreases by replacing a visited location hy~ with its substitu-

tive location h,’c*

Proof As shown in Fig. h. is within £(l+). According to the property
of ellipses £(hy+), for any two points pj, p2 on the circumference, there is
d(hg-—1, p1) +d(p1, e 11) = d(hy 1, p2) +d(p2, hgs 1), where by« and By 4
are focal points of & (hy«).

Since /- is on the circumference of &(fy+) and hy. is within the circum-
ference of £ (hy-), we have that d(hy«_q, h}.) +d (W, 1) < d(Bge—q, By ) +
d(hg, hy=41). Due to the fact that &, is selected from unvisited locations, the
other visited locations on ‘H will not be affected.

The theorem then follows. [

4.4 Performance Evaluation

In this section, we evaluate the performance of the proposed algorithm by
experimental simulations. We also investigate the impacts of parameters on

the algorithm performance.

4.4.1 Experimental Environment Settings

We consider a WSN deployed within 1,000 x 1,000 square meters, where sen-
sors are randomly distributed [Chen et al., 2020]. The data transmission range

and the transmission power of each sensor are set as 21 m and 330 mW [Xiong



104 UAV Trajectory Designing for Data Collection Maximization

Table 4.1: Experimental Environment Settings

Parameter Value
Size of the WSN 1,000 x 1,000 m?
Data transmission range of each sensor 21'm
Data transmission power of each sensor 330 mW
Data volume range of each sensor (0, 1024] MB
Number of UAV 1
UAV flying altitude 5m
Energy capacity of the UAV 5x10° ]
Energy consumption rate of the UAV on traveling 10 J/m
Energy consumption rate of the UAV on hovering 150 J /s
Threshold 6 of numbers of iterations 5,000

and Shan, 2018] respectively. The data volume D; of each sensor v; is ran-
domly drawn from (0, 1024] MB. We deploy one UAV for the data collection,
hovering at an altitude 5 m [Xiong and Shan, 2018]. The energy capacity of
the UAV is set as 5 x 10° ], and the energy consumption rates on traveling and
hovering are 10 J/m and 150 ] /s, respectively [Li et al., 2020]. The threshold
8 of numbers of iterations in the proposed algorithm is set as 5, 000.

Unless otherwise specified, these parameters will be adopted in the de-
fault setting. As the UAV data collection maximization problem is a new
problem, existing algorithms in the literature are unlikely to be adopted di-
rectly, we here propose the following benchmark heuristics to evaluate the

performance of the proposed algorithm.

* Greedy. The projection of each sensor on the UAV hovering plane is
regarded as a potential hovering location for the UAV. It starts with an
empty tour H and iteratively selects a hovering location pj,x with the
maximum U(H + pmax) — U(H). Then puyqy is added to H as the last
visited location if E(H + pmax) < I. This procedure continues until
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* NGreedy. The projection of each sensor on the UAV hovering plane is
regarded as a potential hovering location for the UAV. The UAV firstly
visits a location pyay, with the maximum U(H + pmax,) — U(H). It then
visits a location py.y, from the neighbors of pyay, (potential hovering
locations no larger than 50 meters away from pyay,), with the maxi-
mum U(H + Pmax,) — U(H) among neighbors of pyay,. The procedure

continues until pygy,, is found with E(H + pmax,,) > T.

Each value in figures is the mean result by applying each mentioned al-
gorithm to 50 network instances with the same size. The running time of all
the mentioned experimental simulations is obtained from a desktop with 2.7

GHz Intel Core i7 CPU and 16 GB RAM.

4.4.2 Performance Evaluation of Different Algorithms

We investigate the performance of the proposed algorithm (denoted by Alg)
against algorithms Greedy and NGreedy, by varying the number of sensors
from 100 to 1,000. Fig. (a) demonstrates that the performance of Alg
significantly outperforms the other two heuristics, where the volume of the
data collected by Alg is approximately 200% of the one collected by Greedy,
and 300% of the one collected by NGreedy.

It can be seen that, the volume of collected data by all mentioned algo-

rithms is proportional to the number of sensors in the network.

4-4.3 Impacts of Parameters on the Performance of Algorithms

The rest is to investigate the impact of the iteration threshold 6 on the perfor-

mance of Alg, the UAV energy capacity and the data transmission range on
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Figure 4.4: Performance of Alg, Greedy and NGreedy: (a) data collection
volume of Alg, Greedy and NGreedy; (b) data collection volume of Alg with 6
values 2,000, 4,000, 6,000, 8,000 and 10, 000; (c) data collection volume of Alg,
Greedy and NGreedy with varying UAV energy capacities; (d) data collection
volume of Alg, Greedy and NGreedy with varying data transmission ranges.
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the performance of the mentioned algorithms.

We first investigate the impacts of 6, which is the maximum number
of iterations in Substitution Selection and Tour Update (in step [10| of
Algorithm 1). We compare the performance of Alg with 6 = 2,000, 4, 000,
6,000, 8,000, 10,000 respectively, by varying the number of sensors from 100
to 1,000. Fig. 4.4{(b) depicts that the volume of collected data increases in any
size of the network by increasing the value of 6 from 2,000 to 6,000, but it

remains constant when 6 varies from 6,000 to 10, 000.

We then investigate the impacts of the energy capacity I' of the UAV and
the data transmission range R on the performance of the mentioned algo-
rithms, by increasing the energy capacity from 1 x 10°] to 10 x 10°] and the
data transmission range from 12 m to 21 m respectively, with 500 sensors

randomly deployed in the network.

Fig. (c) depicts that the volume of the data collected by the mentioned
algorithms grows rapidly against the energy capacity of the UAV, as the UAV
can visit more locations and collect data from more sensors at each visited

location.

Fig. (d) plots that the volume of the data collected by different al-
gorithms increases against the data transmission ranges, since a larger data
transmission range allows data from more sensors to be collected simultane-
ously. It can be seen that the data collection volume of Alg is proportional
to the iteration threshold 6, the UAV energy capacity and data transmission

ranges of sensors.
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4.5 Summary

In this chapter, we studied the data collection maximization problem in a
UAV-enabled WSN under the one-to-many data collection scheme, where
there are infinitely many hovering locations for the UAV, and the UAV con-
sumes energy on both hovering and mechanical movement. We first formu-
lated a novel UAV data collection maximization problem. We then devised
an efficient algorithm for the problem by jointly considering the UAV hov-
ering locations and data transmission rates of sensors. We finally evaluated
the proposed algorithm through experimental simulations. Simulation results
demonstrate that the proposed algorithm is promising and outperforms the

other benchmarks significantly.



Chapter 5

Conclusions and Future Directions

In this chapter, we summarize the contributions we made in this thesis, and

discuss potential research topics derived from this work.

5.1 Summary of Contributions

Digital technology such as the IoTs develops rapidly over the last decade,
generating enormous applications in various domains. WSNs play a central
role in the context of IoT for providing a massive amount of data captured
by ubiquitous sensors. Thus, data collection becomes crucial to feed fresh
data into IoT services while avoiding data overwritten due to limited storage
capacities of IoT sensors. With high agility, mobility and flexibility, UAVs
have recently received considerable attention for data collection.

In this thesis, we have systematically studied the data collection planning
in UAV-assisted WSNs to optimize the data collection efficiency under one-
to-many data collection scheme.

Unlike most existing studies that the data from all sensors within the data
reception range of the UAV must be fully collected, in Chapter [2, we assume
that the data stored at a sensor can be partially collected and can be collected
through multiple times by the UAV per tour. We study data collection in

WSNs via an energy-constrained UAV under the one-to-many data collec-

109
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tion scheme intending to maximize the volume of collected data. Although
there exists work on data collection in UAV-enabled WSNEs, it is challenging
to identify the hovering locations for UAVs in the one-to-many data collection
scheme. To be specific, the data collection efficiency under this scheme mas-
sively relies on the hovering locations of the UAV and the hovering duration
at each such location. However, efficient determination of UAV hovering lo-
cations is widely considered to be intractable as there are infinitely many po-
tential hovering locations in the UAV serving area. For the sake of tractability,
most of the existing approaches discretize the UAV serving area into different
regions with certain sizes, where each region is regarded as a potential UAV
hovering spot. However, the locations in a discretized region cannot be dis-
tinguished from each other, which results in the inevitable utility loss of data
collection. Moreover, the time complexity of discretization-based approaches
highly depends on the size of the network monitoring area, thus making the
data collection inefficient, especially for large-scale WSNs. To address the
aforementioned challenges, in Chapter 3, we significantly extend Chapter
by jointly considering the UAV hovering location positioning and the data
collection utility maximization problem under the one-to-many data collec-
tion scheme, where the total hovering duration of the UAV is constrained by
a given budget. To the best of our knowledge, we are the first to focus on en-
hancing UAV hovering location positioning to improve data collection utility
in WSNs. Furthermore, in Chapter 4, we study a more challenging data col-
lection maximization problem considering the energy constraint on a UAV,
where the UAV consumes energy on both hovering and mechanical move-
ment. We also consider the identification of hovering locations for the UAV

from infinitely many potential ones corresponding to the different data col-
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lection rates of sensors. The identification of hovering locations for the UAV
from infinitely many potential ones makes the data collection tour finding
more difficult, as different locations correspond to different data collection
rates of sensors, which impact significantly on the data collection efficiency.
Besides, we consider the fluctuation of data transmission ranges of sensors

caused by the different Euclidean distances between sensors and the UAV.

We explored the UAV data collection problems in terms of UAV hovering
duration allocation, UAV hovering location identification and UAV travel-
ling trajectory designing. For investigated topics, we defined and formulated
novel problems and developed optimization frameworks with efficient algo-
rithms for the proposed problems. We also designed and conducted simu-
lation experiments to evaluate the performance of devised algorithms. The

main contributions of the thesis are summarized as follows.

UAV hovering duration allocation is to assign the UAV hovering time slots
to a set of pre-defined UAV potential hovering locations under its energy
constraint, which is a crucial issue for data collection optimization in the one-
to-many data collection scheme, where data at a sensor are allowed to be
partially collected. We firstly defined and formulated a novel multi-sensor
data collection optimization problem and proved its NP-hardness. We then
investigated a special case and the general cases of the proposed problem re-
spectively. For WSNs with a special deployment, we developed an optimal
algorithm which guarantees the maximized volume of collected data. For
general cases of the WSN deployment, we studied a variant of the proposed
problem and devised an efficient algorithm for the variant. We then proposed
a novel approach to transform the algorithm for the variant to tackle the orig-

inal problem, where the delivered algorithm is proved to be with a constant
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approximation ratio for the original problem.

UAV hovering location identification problem is to precisely determine
UAV’s hovering locations from infinitely many potential ones jointly optimiz-
ing the data collection utility, under the one-to-many data collection scheme,
where data at each sensor can be partially collected. This problem is widely
considered to be intractable, where many existing studies neglect this criti-
cal issue or simply discretize the UAV serving area into small regions with
a given size, resulting in the inevitable utility loss of data collection. To this
end, we first defined and formulated a data collection utility maximization
problem. We then devised an efficient algorithm to identify a finite set of
potential hovering locations for the UAV, which improves the data collection
utility significantly. We next proposed an approximation algorithm for the
data collection utility maximization problem with an approximation ratio of

(1 — 1), where ¢ is the base of the natural logarithm.

UAV traveling trajectory designing is to plan the UAV data collection tour
considering the energy consumption of the UAV on both hovering and me-
chanical movement. We firstly formulated a novel UAV data collection max-
imization problem under the one-to-many data collection scheme with the
variation of sensors’ data transmission rate, where data at a sensor should
be fully collected. We secondly showed the NP-hardness of the proposed
problem. We then devised an efficient algorithm for the problem by investi-
gating the impact of UAV hovering location selection on the data collection

efficiency.

For devised algorithms, we designed and conducted extensive experi-
ments to evaluate their performance against comparable heuristic algorithms.

We also investigated the impact of parameters on the performance. The Ex-
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perimental results showed that the proposed algorithms outperform the ex-
isting ones significantly in terms of maximizing data collection volumes and

data collection utility under the one-to-many data collection scheme.

5.2 Future Directions

Although we have intensively investigated critical issues for data collection
optimization in UAV-assisted WSNs, there are several potential research top-
ics that are worthwhile for further exploration based on works in this thesis.

Firstly, we will explore obstacle avoidance problems for UAV-assisted data
collection in the urban area. Unlike data collection tasks in the plain area
where there are a few obstacles and the relatively high flying altitude enables
the UAV to be away from barriers on the ground, it is crucial to consider ob-
stacle avoidance when designing tours for UAVs in the urban area. Obstacles
such as trees and buildings are common in the urban area, which is likely to
let UAVs suffer from crashes. The damage of the UAV caused by crashing
into obstacles will not only increase the economic cost of data collection, but
also possibly cause the loss of data which have been collected by the broken
UAV. Furthermore, falling wreckage of UAVs when crashing into obstacles
will bring significant threats to public safety, especially when UAVs work
over crowded urban areas. It thus is crucial to consider obstacle avoidance
when planning the UAV data collection tour in the urban area.

Secondly, we will further improve the data collection efficiency in WSNs
by dispatching a fleet of UAVs. We will investigate the cooperation of multi-
ple UAVs to maximize the data collection efficiency while avoiding collisions

of UAVs. For example, for each UAV, which sensor should it collect data from
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and how to determine the hovering locations to effectively collect data from
selected sensors? How long should a UAV stay at each determined hovering
location selected for it? Furthermore, how to design the traveling tour for
the fleet of UAVs to maximize the data collection utility under their energy
constraint while ensuring no collisions between UAVs. These mentioned is-
sues based on works in this thesis will further improve the data collection

efficiency.

Thirdly, we will study the data collection for WSNs in 3D scenarios un-
der the one-to-many data collection scheme, where sensors are deployed at
complicated terrains such as mountains and cliffs at different altitudes. The
UAV is thus allowed to adjust its flying altitude to collect data from multiple
sensors simultaneously. How to identify the hovering location for the UAV
and how to determine the corresponding hovering duration at each selected
hovering spot is crucial for maximizing the data collection efficiency under

the constrained energy budget of the UAV.

Finally, we will investigate the privacy issues of UAVs when they conduct
data collection tasks. For example, UAVs may visit private spheres such as
private yards or private farmlands when they conduct tasks of the image or
video captioning, which brings big threats to the privacy. It thus is crucial to
bypass private spheres when designing data collection tours. In our future
works, we will explore the traveling path designing of the UAV to bypass
private spheres while maximizing the data collection efficiency. Furthermore,
in the situation where locations of private spheres are not determined pre-
viously, we will utilize techniques of computer vision to perform real-time
detection of potential private spheres. We will further propose online al-

gorithms to promptly reroute for UAVs to bypass the detected locations of
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potential private spheres jointly considering the optimization of data collec-

tion.
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