ABSTRACT

SINHA, PRIYANKA. Wireless Detection, Localization and Tracking of Unmanned
Aerial Vehicles. (Under the direction of Dr. Ismail Guvenc).

Unmanned aerial systems (UAS) are on the verge of revolutionizing the state of
the art air-transportation systems by providing services to people and places that have
remained unreachable due to unavoidable circumstances. While a UAS can be used for
numerous benevolent and economic applications, such as expedited dispatch of aid during
the times of crisis, increasing the efficiency of various commercial processes, re-reinforcing
surveillance, and potentially acting as a cellular HotSpot, certain use cases of UAS also
impose security threats when in the hands of a malicious entity. Thus the ability to
detect, localize, track a UAS and maintain communication among multiple travelling UAS
become the building blocks of safely and smoothly integrating UAS in our lives. In this
dissertation we identify the main problems faced by or faced due to wireless applications
associated with a UAS. We then present strategies and algorithms to overcome these
problems. In particular we address the challenges in detection, localization and tracking
of UASs by wireless methods.

Chapter-1 presents the motivation behind and organization of this dissertation.

In Chapter-2, we develop an analytical framework that provides the fundamental
limits on the network-wide UAS detection probability. In particular, we characterize the
joint impact of the salient features of the terrestrial RF networks, such as the spatial
randomness of the node locations, the directional 3D antenna patterns, and the mixed
line of sight /non line of sight (LoS/NLoS) propagation characteristics of the air-to-ground
(A2G) channels. Since the strength of the UAS signal and the aggregate interference in a
sensing network are fundamentally limited by the 3D network geometry and the inherent
spatial randomness, we use tools from stochastic geometry to derive the closed-form
expressions for the probabilities of detection, false alarm and coverage. This, in turn,
demonstrates the impact of the sensor density, beam tilt angle, half power beam width
(HPBW) and different degrees of LoS dominance, on the projected detection performance.
Our analysis reveals optimal beam tilt angles, and sensor density that maximize the
network-wide detection of the UASs.

In Chapter-3, we consider a scenario where a fixed number of radio-frequency (RF)
sensors equipped with single or multiple dipole antennas are placed at some known

locations on the ground, and they collect time-difference-of-arrival (TDOA)



measurements from the UAS that is also equipped with a dipole antenna. We then use
these measurements to estimate the 3D location of the UAS, and to derive the
Cramer-Rao lower bounds (CRLBs) on the localization error for various orientations of
the dipole antennas at the transmitter and the receiver. Namely, we consider
vertical-vertical (VV), horizontal-horizontal (HH), and vertical-horizontal (VH)
radiation patterns in a purely line-of-sight (LoS) environment and a mixed
LoS/Non-line-of-sight (NLoS) environment. We show that the localization accuracy
changes in a non-monotonic pattern with respect to the UAS altitude and identify the
respective critical altitudes for each of the VV, VH and HH orientations. Subsequently,
we propose a multi-antenna signal acquisition technique that mitigates the accuracy
degradation due to the antenna pattern mismatches, and we derive the localization
CRLB for the multi-antenna scenario. Our numerical results characterize achievable
localization accuracy for various antenna configurations, UAS heights, and propagation
conditions for representative UAS scenarios.

In Chapter-4, we present the foundations for establishing and maintaining a reliable
communication channel among multiple aircraft in unique advanced air mobility
(AAM) settings. Subsequently, we also describe concepts and results on wireless
coverage and mobility for AAM services using cellular networks as a ground network
infrastructure. Finally, we analyze the wireless localization performance at 3D AAM
corridors when cellular networks are utilized, considering different corridor heights and
base station densities. We highlight future research directions and open problems to
improve wireless coverage and localization throughout the manuscript.

In Chapter-5, we identify that the motion model of a UAS is a time-varying
function that is often unknown to the tracking entity, which therefore makes accurate
tracking of highly maneuvering UASs is a challenging problem. To this end we build a
data driven adaptive filtering algorithm that improves the tracking accuracy by using a
recurrent neural network (RNN)-based motion model that is trained on realistic
simulated data generated from a medium fidelity simulink model of a fixed-wing UAS.
We then train another feed-forward neural network in conjunction with the pretrained
RNN-based motion model, to adaptively combine the incoming current measurement
with the predicted state based on the output of a change detection algorithm that
detects any increase/decrease in the uncertainty in the predicted states. Finally, in

Chapter-6, we summarize our key findings and provide concluding remarks.
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Chapter 1
Introduction

Proliferation of drones have made drones a part of all aspects of human life
ranging from recreation to commercial services. Most importantly, unmanned
aerial systems (UAS) are on the verge of revolutionizing the state of the art
air-transportation systems by providing services to people and places that have
remained unreachable due to unavoidable circumstances. While drones can be
used for numerous benevolent and economic applications, such as expedited
dispatch of aid during the times of crisis, increasing the e ciency of various
commercial processes, re-reinforcing surveillance, and potentially acting as a
cellular HotSpot, certain use cases of drones also impose security threats when in
the hands of a malicious entity. Thus the ability to detect, localize, track drones
and maintain communication among travelling drones become the building blocks
of safely and smoothly integrating drones in our lives.

While there are many potential modalities capable of detecting drones, techniques
including computer vision, acoustic detection, and radar su er from some major
shortcomings, such as line-of-sight limitations, and not being as robust to
environmental disturbances such as dust, fog, cloud and wind, and low probability
of intercept in the case of the radars. As an alternative, utilization of radio

frequency (RF) signals radiated by the drones for the purpose of their detection
and localization is immune to many of the aforementioned issues due to the
inherent robust nature of RF multipath propagation, and low cost and high

density of already deployed RF sensors. On the other hand, air-to-ground (A2G)
channels behave in a signicantly dierent manner when compared to the



terrestrial channels, and that most of the existing cellular or non-cellular RF
devices are designed and optimized to communicate with (and serve to) other
ground RF nodes. Therefore, several challenges need to be addressed when
existing ground cellular infrastructure are used for RF detection and localization

of unmanned aerial vehicles (UAVs). In view of this, the rst half of this
dissertation (Chapter 2 and Chapter 3) builds theoretical frameworks that study
the impact of unique air-to-ground propagation characteristics, antenna patterns,
and spatial geometry of the ground RF sensors on the performance of di erent
RF-based UAV detection and localization schemes.

In the second half of the dissertation (Chapter 4 and Chapter 5), we focus on
developing dedicated strategies and algorithms that are optimized to deal with
the unique challenges faced by drone-based applications such as tracking of
drones, drone to drone communication, among others. In Chapter 4, in particular,
we present the foundations for establishing and maintaining a reliable
communication channel among multiple aircraft in the AAM settings, optimizing
wireless coverage, mobility and localization accuracy for AAM services, using
cellular networks as a ground network infrastructure. In Chapter 5, we develop
adaptive data driven tracking algorithms designed to handle highly aggressive
maneuvers made by drones that usually cause divergence for most state of the art
tracking algorithms.

1.1 Layout and Contributions

Layout and contributions of this dissertation can be summarized as follows.

1.1.1 Chapter 2

In Chapter 2 we consider RSS based detection of drones by a network of RF
sensors located on the ground, and build a theoretical framework for analysis of
the detection performance. Although an energy detector or an RSS detector is
particularly suitable for the detection of unauthorized drones, they are highly

susceptible to RF interference, and their performance are dependent on the
line-of-sight (LOS) dominance of the drone signals. Thus we characterize the
impact of interference by considering a network of interferers associated with the



said network of sensors where the RF nodes are distributed according to two
independent homogeneous Poisson point processes (HPPP) with equal intensity.
We also account for the elevation dependent, mixed LOS and non-line-of-sight
(NLOS) nature of the A2G links, and derive analytical expressions for the
probability of detection and the probability of false alarm of the individual
sensors in the network, and the average or aggregate probability of detection of
the entire sensor network.

1.1.2 Chapter 3

In Chapter 3, we consider RF localization of unauthorized drones by a network of
ground RF sensors. Since A2G links are higher in LOS dominance, they are also
highly sensitive to the antenna radiation patterns and the antenna orientations.
Thus, in order to capture the impact of the transmit and receive antenna
orientations on the accuracy and the coverage of the 3D localization of the drones,
we approximate the total antenna gain experienced by the corresponding A2G
links, for dierent combinations of vertical and horizontal orientations of the
antennas at the ground RF sensors and the drones. In particular, we consider the
time di erence of arrival (TDOA)-based localization, and derive the covariance
matrix of the TDOA measurements and the Cramer-Rao lower bound on the
location estimates in terms of the antenna gains, for all possible antenna
orientations.

1.1.3 Chapter 4

In this chapter we consider drone to drone communication in the context of
realizing the full potential advanced air mobility (AAM) services. Deployment of

AAM applications such as air taxis and air ambulances requires drones to
communicate information about their current and future locations in the air

corridor in a continuous manner. Since the drone to drone communication is
enabled by an underlying ground sensor network such as the cellular network,
maintaining reliable communication between highly mobile drones requires us to
analyze wireless coverage and mobility for AAM services using a ground network
infrastructure. We then also consider the impact of the ground sensor density and



the corridor altitude on the reliability of the information (such as accuracy of
drone location) being shared by the drones.

1.1.4 Chapter 5

In Chapter 5, we consider RF tracking of maneuvering drones. Since the high agility
of drones enables them to make very fast maneuvers, maintaining tracking accuracy
becomes even more critical. The primary objective of tracking is to estimate the
location trajectory of the moving target over time. While the sensor measurements
alone over a period of time can be used consecutively to estimate the target location
the estimation accuracy can be improved by combining the location estimation
from the sensor measurements with the prediction from a motion model. Thus the
tracking accuracy is intimately related to the accuracy of the motion model adopted
by the tracking agent, as an approximation to the actual dynamics of the target.
While the state of the art tracking solutions suggest the use of static premeditated
motion models, they are unable to maintain adequate tracking accuracy in the case
of a highly maneuvering target such as a small drone. In this view, we build a data
driven adaptive Itering algorithm that employs a neural network to approximate
the time varying motion model of a drone, and then trains another neural network in
conjunction with the pretrained Neural Network-based motion model, to adaptively
combine the incoming current measurement with the predicted state.



Chapter 2

Fundamental Limits on Detection
of UAVs by Existing Terrestrial
RF Networks

2.1 Research Outcomes

{ P. Sinha , lsmail Gaverc and M. Cenk Gursoy, "Fundamental Limits on
Detection of UAVs by Existing Terrestrial RF Networks," in IEEE Open J.
Commun. Soc., Aug. 2021.

{ P. Sinha , Yavuz Yap c, Ismail Gaverc, Esma Turgut, and M. Cenk Gursoy,
RSS-Based Detection of Drones in the Presence of RF Interfergrsn Proc.
IEEE CCNC, Las Vegas, USAJan 10-13, 2020, pp. 1{6.

2.2 Summary

Detection of drones carries critical importance for safely and e ectively managing
unmanned aerial system tra c in the future. Given the ubiquitous presence of the
drones across all kinds of environments in the near future, wide area drone
detection and surveillance capability are highly desirable, which require careful
planning and design of drone sensing networks. In this chapter, we seek to meet
this need by using the existing terrestrial radio frequency (RF) networks for



passive sensing of drones. To this end we develop an analytical framework that
provides the fundamental limits on the network-wide drone detection probability.
In particular, we characterize the joint impact of the salient features of the
terrestrial RF networks, such as the spatial randomness of the node locations, the
directional 3D antenna patterns, and the mixed line of sight/non line of sight
(LoS/NLoS) propagation characteristics of the air-to-ground (A2G) channels.
Since the strength of the drone signal and the aggregate interference in a sensing
network are fundamentally limited by the 3D network geometry and the inherent
spatial randomness, we use tools from stochastic geometry to derive the
closed-form expressions for the probabilities of detection, false alarm and
coverage. This, in turn, demonstrates the impact of the sensor density, beam tilt
angle, half power beam width (HPBW) and di erent degrees of LoS dominance,
on the projected detection performance. Our analysis reveals optimal beam tilt
angles, and sensor density that maximize the network-wide detection of the
drones.

2.3 Introduction

Due to the widespread use of drones across the military, commercial, and
government sectors, surveillance of drones is emerging as an important and
challenging problem. While such proliferation of drones introduces obvious

bene ts, it also increases the potential for accidental or deliberate violations, such

as, invading privacy of people, intruding into restricted government or business

areas, or colliding with air-crafts and causing accidents. In situations like these,

technologies to detect, track, and interdict possible aerial threats become

indispensable [1]. Since the detection of the drones is the rst enabling step for
the rest of the surveillance measures to take place, robust detection of the drones
is of fundamental importance. Moreover, due to the pervasive presence of the
drones in today's world, the wide area coverage of drone detection capabilities is
also highly desirable.

Most state of the art drone detection methods typically use one of the following
modalities or a fusion of them: ambient radio frequency (RF) signals, radar,
acoustic signals, and computer vision. Among these, a good majority of the
sensing techniques rely on the use of the RF signals, due to some of the



advantages it o ers over the other modalities, such as, the long detection range,
e ectiveness in NLoS environments, and the low-cost of the RF sensors [2]. The
existing RF drone sensing techniques can be broadly classi ed into the following
two categories: active sensing and passive sensing. In the active approach, the
sensors are required to continuously broadcast wireless signals, and then analyze
the signals re ected from the drone, to discover any unique signatures associated
with a drone, such as, the ones caused by the drone's propellers, or the vibration
patterns of the drone's body. In the passive approach, the sensor eavesdrops on
the communication signal exchanged between the drones and their ground
controllers (GCs) and looks for signatures unique to drones, such as the spectral
features, trac pattern, and the communication rate between the drones and
their GCs.

While extensive research [1{4] has been carried out that focus on the signature
analysis techniques, these studies make the fundamental assumption that the
target drone is within the range of the said sensors and that the RF interference
at the sensor's receiver is low enough for the sensor to reliably detect the presence
of an aerial object. Since the detection performance is fundamentally limited by
the intensity of the drone's signal at the sensor and the level of possible RF
interference [1] at the sensor, careful system design is required to ensure su cient
signal-to-interference (SIR) level, before the signature analysis techniques can be
put into practice. Especially in dense urban areas, with large number of mobile
users, such high SIR levels can be extremely dicult to achieve. The detection
performance can further su er in such areas, as the probability of having a LoS
link towards the drone is generally low due to high buildings. One of the ways to
achieve a high SIR and a high probability of LoS, is by employing a dense and
pervasive network of sensors. While the shorter A2G radio links in a dense sensor
network improve the probability of detection and false alarm, the dense
deployment also improves the area coverage probability [5].

Although dedicated RF sensor networks for drone detection can be deployed in a
limited stretch within a region of interest (ROI), it cannot achieve the desired

wide-area coverage. To this end, we propose the use of the existing terrestrial RF
infrastructures that operate in the same frequency as the target drone. Drones are
expected to widely use the common cellular network frequencies in the future for
command, control, and payload communications [6{10]. Moreover, given the



anticipated high density of the long term evolution unlicensed (LTE-U) base
stations (BSs) in the 5G era, it is possible to use these resources for passive
sensing of the commercial o the shelf (COTS) drones, that use WiFi links to
communicate with their GCs. Since COTS drones are widely used across di erent
applications, and both WiFi devices and LTE-U BSs operate in the unlicensed
industrial, scientic and medical (ISM) radio bands [11], such detection
framework remains applicable to a large group of drones. In the rest of the
chapter we do not limit the terrestrial sensing network to a speci c technology,
and provide a generic framework that is applicable to drones that may operate in
either the cellular and ISM bands.

Since the legacy terrestrial networks are not primarily designed for drone
detection, we need to account for the features that are unique to these networks
and impact the signal intensity as well as the interference level. In particular, the
drone's signal strength and the interference from the intended users of the sensors
depend largely on the spatial locations of the sensors relative to the target drone
and the users. Other factors that may impact the fading of the signals
signi cantly, are the directionality of the antenna patterns (for example, cellular
BSs usually have a tilted antenna pattern) and the degrees of LoS dominance in
the A2G and the terrestrial channels. Thus the coupling of the 3D antenna
patterns, and the propagation characteristics with the topological randomness of
the network need to be considered explicitly using tools from stochastic geometry.

Notation: X U [a;ld denotes that the scalar random variableX is uniformly
distributed between a and b. X 2 and X 2 denote a standard (unit
variance) and a scaled (variance of?) Chi-squared random variable with two
degrees of freedomX  %( ,) and X ?( ) denote a standard (unit
variance and non-centrality parameter ,.) and a scaled (variance of ? and
non-centrality parameter ) NonCentral Chi-squared random variable of
degree 2.X is used to denote a complex random variable 1Y Y denotes that
the random variable converges to the random variablé¥ in distribution. a
(mod b) is used to describe the modulo operation and the result is the remainder
of the Euclidean division{.



2.4 Literature Review

Recently some works have emerged that investigate the topic of drone detection
by cellular networks. Papers such as?[12] discuss application of various machine
learning algorithms such as logistic regression, decision tree and KNN, where the
data is composed of radio measurements collected from the cellular networks.
However, the authors of these papers only report the detection performance
yielded by the said machine learning algorithms, and do not build a theoretical
framework that can characterize the impact of the various network and RF
parameters, such as the node density, the the drone altitude, and the beam width
and the boresight angles of the antenna patterns at the BS receivers, on the
detection performance. In [13, 14] the authors describe various enabling
technologies and algorithms that allow the 5G infrastructure to be leveraged for
drone detection. Both of these papers reply on the use of 5G millimeter wave
(mmWave) BSs, as radars, and thus are not applicable to studying the detection
performance of a passive sensing scheme. Further, they also lack a theoretical
framework for the analysis of the projected detection performance. In our work we
used tools from stochastic geometry to build such an analytical framework
dedicated to detection of drones by existing cellular networks.

Most of the related stochastic geometry-based literature aims to study the
coverage probability in the following two main scenarios, that involve drones: 1)
drone-assisted aerial cellular networks serving ground users; and 2) ground
cellular network serving drone users. For example, papers such as [15{17],
evaluate the cellular coverage performance of drone assisted aerial cellular
networks, without considering any realistic A2G channel characteristics and
antenna patterns. While the authors in [18], study the impact of a mixed
LoS/NLoS A2G channel on the performance of a drone-assisted heterogeneous
networks, possible impacts of 3D antenna patterns were ignored. Some other
recent papers [19, 20] considered dedicated ground BSs serving a network of
drones under practical 3D antenna patterns. While the cellular coverage
performance of the network was studied in these recent works, passive sensing
performance of drones has not been taken into account. Since the characterization
of the signal and the interference is completely dierent in a passive sensing
scenario, none of these existing papers can be directly applied to a non-dedicated



Figure 2.1: The signal of interest from the drone and the interference at the probe sensor.

passive sensing network that we consider in our study.

In our work, we develop a uni ed analytical framework which jointly takes into
account the impact of the random network geometry, the mixed LoS/NLoS A2G
propagation characteristics, and the 3D directional antenna patterns on the
detection performance of a non-dedicated RF sensing network. To the best of our
knowledge, such an analytical framework motivating the use of the existing RF
infrastructures is not available in the literature. This study is an extended version
of our conference paper [21], where we investigated the performance of a sensor
network with an isotropic antenna pattern In the journal version, we incorporate

a realistic directional antenna pattern dened by the International
Telecommunication Union (ITU) for a cellular network [22], that takes both the
beam tilt angle and the HPBW into account. We also consider an A2G channel
model that allows us to dierentiate between the detection performance in
suburban and urban environments Our analysis reveals several useful network
design insights, such as, the existence ofaitical sensor density and a critical
beam tilt angle that optimize the detection coverage. We also demonstrate how
the coverage probability of detection is impacted by the choice of the probe sensor
(i.e. whether to consider detection by the nearest sensor or thé nearest sensor),
and how the most favorable choice is dependent on the sensor density, the drone
altitude, the beam tilt, the HPBW, and the A2G propagation characteristics.
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Figure 2.2: The problem of drone detection in a Poisson eld of sensors and interferers.

2.5 System Model

2.5.1 Network Overview

As shown in Fig. 2.1, we consider a scenario in whichtarget drone is ying over a
network of ground RF sensors. In the rest of the chapter, we use the tesansorin a
generic sense, to refer to a transceiver that is capable of sensing the band where the
drones also communicate. While the ground sensors are serving their own intended
user equipments (UEs), they aim to detect the target drone in the presence of the
uplink transmissions from the UEs. Our assumption is that the drone transmission
is co-channel with the ground sensors (such as LTE-U BSs) and the respective UE
transmissions, as the drone uses a co-channel RF link (such as a WiFi link in the
case of a COTS drone) for command, control, and communications with its GC.
From the detection point of view, the active ground UEs therefore act asreetwork

of interferers, and their uplink signals constitute the network interference while

the signal of interest (SOI) to be detected is captured from the target drone.

We assume that the sensors and UEs are deployed on the horizontal plane at
heights of hs and hye following two independent stationary homogeneous Poisson
point processes (HPPPs) [23], denoted byg and , with the densities m 2
and k, m 2, respectively, wherek,> 0 represents theuser load of each sensor.
Note that any sensor can serve multiple users in single time-frequency resource
block (RB) depending on the underlying multiuser-detection (MUD) capability, in
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which case user load becomes an integer such that 2, and may bepatrtially
loaded which makesk, a positive fraction (k, 1). We assume that theprobe
sensor, which is tasked with detecting the target drone, is located at the origin, as
depicted in Fig. 2.2. The distance of tha-th nearest UE to the probe sensor is
denoted byR;., such that R.., R-, for k< . We further assume that each UE is
associated with its nearest sensor, and hence the probability density function
(PDF) of the distance of the intended UE to the probe sensor (i.eR;.,) is [24]:

2

frouu(Fuu) =2 Kyt guexp( Ky 1 “10); (2.1)

which describes the Rayleigh distribution with a scale parameter? = ﬁ

Considering the tilted directional antenna pattern at the sensors, we take into
account the detection of the target drone not only at the nearest sensor but also by
the farther ones. Note that the natural choice would be to consider the detection
at the nearest sensor if the antenna power pattern was perfectly isotropic [21]. As
the antenna power pattern becomes non-isotropic, some farther sensors can receive
a better-quality SOI. Thus for the purpose of generality, we consider detection of
the target drone by its n-th nearest sensor, and the PDF of the horizontal distance
between the probe sensor and the ground projection of the 3D location of the drone
(denoted as the random variabldRy) is given as [24], pp. 41:

n
fry(ra) = 2 " texp( r d); (2.2)
(n)
which is the n-th nearest neighbor distance of the HPPP, 5. Note that (2.2)
describes the generalized Gamma distribution with the scale parametet= L.

2.5.2 A2G Propagation Channels

Due to the higher altitude of the drones, the A2G channels are more likely to
have a LoS component as compared to the terrestrial links. The probability of the
A2G link having a LoS component (i.e.LoS state), is de ned as a function of the
horizontal distancery as follows [25]:

1

Plos(ra) = A—Ah o ; (2.3)

1+aexp b tan t Dels
d
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where a and b are constants which depend on the environmenhy is the altitude
of the target drone, and g=tan 1([hy hg=ry) is the UAV elevation angle or
equivalently the elevation-angle-of-arrival (AOA) of the respective LoS link at the
sensor. Note that the channel is composed of only the NLoS links (i.&NLoS
state) with the probability 1 P (rq). As illustrated by Fig. 2.3, the NLoS
component is assumed to be composed bfy multipath components (MPCs),
where each path is characterized by a random amplitude gain;, with unit
mean-squared valueEf ,°g=1) [26], a random phase , ( m» U [0;2 )), and a
random AOA . at the probe sensor ,, U [ 3;5] . We also assume that
f mg, f mg, andf g are independent and identically distributed (iid) random
variables with 1 m My [27, 28]. Note that the A2G links can have MPC
contributions scattered by obstructions located both above and below the ground
sensor, and we therefore have: .
Depending on the A2G channel state, being LoS or NLoS (i.e.sa 2f LOS NL0S)),
the large-scale fading in the said A2G channel is characterized as the combination of
free space path loss (FSPL) and respectiaditional path loss ( PL) *, arising
from the shadowing and scattering caused by the environmental obstacles (e.g.,
buildings, lampposts). We assume di erent additional path loss for the LoS and
the NLoS links such that N-°S> LoS in general. Thus, the path loss over the A2G
link is given in the dB scale as follows

PL* = 20log (d.os) + 20log 4l %o 'OFZ( SAf ; (2.4)

| {z Al R g

FSPL

LoS=NLOS PL

q
wheredios= 13+ (hg hS)2 is the LoS distance between the probe sensor and

the target drone, andc is the speed of light. We use (3.3) for describing the LoS
and NLoS components of received drone signal in (2.16) and (2.17).

2.5.3 Terrestrial Propagation Channels

In the terrestrial channels between the sensors and UEs, the probability of having
a LoS component is generally lower as compared to the A2G links, especially over
long propagation distances (e.g., between the probe sensor and distarerfering
UEs|other than the nearest UE). On the other hand, the LoS probability
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Figure 2.3: NLoS propagation in A2G and terrestrial channels.

becomes signi cant for short-distance connections (e.g., between the probe sensor
and its intended UE). We therefore describe the terrestrial channel between the
probe sensor and intended UE as a mixture of LoS and NLoS links (similar to
A2G channels), and assume NLoS-only links for the channels between the probe
sensor and interfering UEs. Adopting the urban micro-cellular (UMi) street
canyon model of the 3rd Generation Partnership Project (3GPP) [29], we assume
that the intended UE link can either be in LoS state or NLOS state
(sr 2f LoS NLoSy) and the probability of the link being in the LoS state is given

as a function of the horizontal distance between the probe sensor and its intended
UE as

o n . o
Pl os(r1:0) = min —8; 1 1 exp T
' rlyu 36
n ;.0
+exp % : (2.5)

We therefore assume that the intended UE has both the LoS and NLoS links (i.e.,
mixed LoS/NLoS channel) with a probability in (2.5), and has only NLoS links
otherwise. We use (2.5) for describing the LoS and NLoS components of the
interfering signals in (2.15). As illustrated by Fig. 2.3, we assume that each NLoS
link between each UE and the probe sensor, is composedMf MPCs and that
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Figure 2.4: Ground interference zone with respect to the dominant interferer for downtilt
antenna.

each of these MPCs are characterized by a random amplitude gaig, with unit

mean-squared value Ef 2g=1), a random phase n; ( mi U [0;2 )), and a
random AOCA i ( mi U [ 5:0]). Here,i and m respectively denote the UE
order/index and the MPC index, and for all values of, f g, f mig, andf ;g

are sequences of random variables that are i.i.d. in both Im M, and
1 i<1.

Note that signi cant portion of the MPCs of the terrestrial links arrive at the
ground sensor from below the horizon due to the ground UEs having height such
that hye <h, thereby producing AOAs in the range [ ; 0]. Note also that the AOA

of the LoS link for the intended UE is given as 1.,,= tan ([hs hye]=riy). We
also assume that the path loss in terrestrial LoS and NLoS links are respectively
expressed by}, andr,!,, where | and | are the respective path loss exponents
(PLE).
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2.6 Impact of Directional Antenna Patterns

2.6.1 3D Antenna Pattern, Detection Zone, and
Interference Zone

We assume that each UE and the target drone have been equipped with a single
isotropic antenna. The ground sensors, on the other hand, have a 3D antenna
pattern that are mechanically or electrically steered towards a certain elevation
angle in the vertical domain. In this work, we adopt a directional antenna power
pattern which is de ned by the International Telecommunication Union (ITU) in
the vertical domain as follows [22]

G( )= Gpmax Mmin 12 — M A (2.6)

where is the elevation angle (of either the ground UEs or target dronef\n, is the
side-lobe level (SLL),Gp.max is the maximum directional gain (along the boresight),

i 1S the beam tilt angle or boresight elevation angle, andsgs is the HPBW of
the vertical antenna pattern at the probe sensor. We note that the antenna power
pattern in (2.6) can be used for many di erent settings (e.g., 3GPP [29]) with a
proper choice of model parameters.

Focusing on the signal reception through main lobe only, we realize that the
elevation angles (either for the ground UEs or target drone) in the range of
Ib v Eld a receive antenn& %in higher thanGp.max  Am) dB, where
b= it A2 s and = g+ 42 3. Thus the intended ground UE can
successfully (i.e. with a moderate to high receive gain) communicate with the

probe sensor only if it is located at a suitable distance (i.e. all values of,, for
which 1u w) from the probe sensor. We refer to the collection of such
nearest UE locations as theinterference zone as uplink signals received from
other UE locations gets severely diminished due to experiencing the minimum
receive gain of A, dB. Similarly, the SOI of the target drone can be successfully
received by the probe sensor only when the ground projection of the drone's 3D
location is inside a so-calledletection zone where we have , 4 . Apart
from the beam tilt angle, the HPBW, and the height of the probe sensor, the area
and location of the detection zoneand the interference zonerespectively depend
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on the altitude of the target drone and the intended ground UE. As shown in
Fig. 2.4, we note that both of these zones form circular disks around the probe
sensor, where the inner and outer radius of the interference zone are given
respectively asry.p,=(hs hye)cot( ) and ry.up=(hs hye)cot( ), and those
for the detection zone arerg=(hg hg)cot( ) and rguw= (hg hs)cot( ),
respectively. Please note that, the reason we de ne the detection and the
interference zone with respect to the antenna pattern, is that the detection
performance is determined by the composite signal strength only, as opposed to
the level of the signal-to-interference-ratio (SINR) in a communication scenario.
In detection we only care about sensing the presence of the drone, and sensors are
not required to decode the detected signal, as in the case of communication.

We de ne eventsA and B to describe the conditions in which the intended UE
and target drone are in the interference zone and the detection zone, respectively.
The probability of these events, i.e., P(A)=P( p 1u w) and
PB)=P( 1, 4 uw), are the measures of how well the mainlobe ialigned
towards the intended UE and the target drone, respectively. Using the respective
horizontal distance distributions in (2.1) and (2.2), they are given as:

% A it 3dB)
P(A) = " A 3dB); b 0 w O ; 2.7)
g it 3dB); b 0 w O

b O w O

(it + 3d8); b 0 w O

P(B;n)= ; (2.8)

"8( it + 3dB)

8
%O; b 0 w O

" (i 3dB); b 0 w O

where
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" a(X) = exp [(hs hye) COt(X)]2 ;
X1 (hg he?cot(x) °

"e(X) = ol

s=0
exp (hg he)?cot?(x) : (2.9)

Note that P(B; n) denotesP(B) with the probe sensor being then-th nearest sensor
for the target drone, and' 5(x) and ' g(x) are de ned as in (2.9).

2.6.2 Numerical Example

In order to get an insight into the probabilities in (2.7) and (2.8), we depict their
values in Fig. 2.5a and Fig. 2.5b, respectively, against varying tilt angley; for
various choices of 3dB beamwidth 34z, node density , and drone altitude hy
assuming a particular antenna pattern withA, =20 dB, Gp.max=17 dBi, k, = 1,
and hye = 0. In Fig. 2.5b, under the same con guration,P(B) is plotted for both
the nearest ('N1') and the 29 nearest ('N2') sensor. Later in Section. 2.9.2, we
demonstrate that, the impact of the varying g on the detection performance is
mainly governed by the corresponding changes P(A) and P(B).

In view of both static and dynamic beamforming techniques, we assume that the
mainlobe is steerable across the entire vertical plane. This allows us to explore
the detection performance across a wider range of beam tilt angles including both
negative and positive elevation angles, portraying respectively, a lower and an upper
bound on the sensing performance, that is achievable by existing non-dedicated
RF infrastructures. Moreover, with a rapid growth in the use of unmanned aerial
systems (UASs) across various elds, the idea of installing RF infrastructures that
are capable of serving both ground and aerial users are being studied heavily, which
in turn makes such up-tilted directional antenna patterns more feasible. In Fig. 2.5a
and Fig. 2.5b, as the tilt angle changes from 30 to 30 and moves from the
left to the right side of the y; axis, both ry, and ry., increase. This causes
the interference zoneto move away from the origin of the 2-D Euclidean plane,
sweeping through the intervals of the intended UE distanceR;.,, that are low
and high in probability density (fr,,). Thus in Fig. 2.5a we see thatP(A) keeps
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(a) Sensor-intended UE alignment.

(b) Sensor-drone alignment.

Figure 2.5: Probability of alignment with sensor antenna pattern as a function of the
beam tilt.

increasing as long as the extent of the overlap between tirgerference zoneand
the high probability density interval of Ry, (narrow neighborgood of theEf R1.,0)
increases, increasing the total probability mass (measured qé:;‘;:bel;u(rl;u) dri.)
in the interference zone However P(A) starts to drop, as ; increases beyond a
critical angle that maximizes the total probability mass.

Similarly in Fig. 2.5b, we see that as the beam tilt angle increases beyond
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q__
tilt Al—g ads (.. w 0), the detection zone moves inward (i.e. bothy

and r 4. decrease), which in turn increases the overlap between ttetection zone
and the high probability density (fr,(rq)) intervals of the horizontal distance
between the drone and the probe sensdaRy (a narrow neighborhood ofEf Ryg).
This causesP(B) and the total probability mass ( rd“"fRd(rd) drg) in the
detection zoneto increase until a certain critical tilt angle is reached and the
detection zonemoves too close to the origin reducing the total probability mass.
Since the values of bothEf R;.,g and Ef Ryqg decrease with an increase in the
sensor () and the UE (k, ) density, the high probability density intervals for
both R4 and R;,, move towards the origin. Thus in Fig. 2.5a, we see that, as
increases from ¢ to 10 o (where o = 10 & m 2), the tilt angle that maximizes
P(A) moves towards the lower bound of the tilt angle range. Similarly, in
Fig. 2.5b, as increases, the tilt angle that maximizes?(B) moves towards the
upper bound of the tilt angle range. Since a higher drone altitude also causes the
elevation angle of the drone to become steeper, it also results R{B) being
maximized at a tilt angle that is closer to the upper bound of the tilt angle range.
By observing Fig. 2.5a and by taking derivative of (2.7) with respect to; and

, the tilt angles for which T > 0, also yields®*) > 0, and the tilt angles for
which %) < 0, yields “*) < 0. Similarly, from Fig. 2.5b and (2.8) we note that
the tilt angles for which dP(B) > 0, yields %42 < 0 and %2) < 0, whereas the tilt

tilt

angles for whichf® < o, ylelds dPB) 5 and ) > g,

2.7 Drone Detection in RF Sensing Network

In this section, we formulate a binary hypothesis testing problem that detects the
presence of a target drone by sensing any change in the distribution of the received
signal strength (RSS) due to the presence of an A2G link between the probe sensor
and the target drone. When the target drone is not present, which is referred to as
the null hypothesisH,, the composite received signaR(t) at the probe sensor is
given by

Ho:R(t) = Y () + N(b); (2.10)
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where Y (t) is the aggregate interferenceand N (t) is the additive white Gaussian
noise (AWGN) with a two-sided power spectral densityNy,=2. In the presence of
the target drone, thealternative hypothesisH, is given by

Hi R(t) = Z(t)+ Y(t)+ N(t); (2.11)

whereR(t) also involves the SOIZ(t), in addition to Y (t) and N (t).
The aggregate interference terny (t) in (2.10) and (2.11) is given as [26]:

Y (1) = Yi(t) + 8 Yi;nLos(1); (2.12)
i=2

whereY;(t) is the signal received at the probe sensor from the intended UE over the
mixed LoS/NLoS link, and Y;.nLos(t) is the signal received from the-th nearest UE
(regardless of being the intended or interfering UE) over the NLoS links. The LoS
component ofYy(t) is obtained by applying the receive antenna gain (according to
the antenna pattern at the probe sensor) and large-scale fading (path loss) to the
UE transmit signal as follows

g
Yl;LoS(t) = 1 2PUG( 1;u)gu(t 1)
u
cos(2f ¢t+ 1) (2.13)
Similarly, the NLoS component of the-th nearest UE, fori = 1;2;:::, is computed

after applying sensor antenna gain and both the small- and large-scale fading to
UE transmit signal, which produces

X Kk 94—
Yi;NLoS(t) = m;i R. ZPUG( m;i)gu(t i)

m=1 Lu

cos(2f ct+ ju+ mi): (2.14)

Thus the total received signal for the intended UE is given by (2.13) and (2.14) as
follows
8

< R—
Y1Los(t) + Y1 t); with P/ o(rq
Yl('[) = 1,LoS( ) 1.NLoS( ) . LoS( l,u) : (2.15)
) Yl;NLoS(t); with 1 PIOS(rl;U)
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where P/ <(r1.) is the probability of the respective LoS state given in (2.5). In the
above equations (2.13) and (2.14), we use the following notatiofy is the carrier
frequency,c is the speed of lightk= ¢, P, is the transmit power of the ground
UEs, gu(t) is the unit-energy signal waveform for the UESs,; is the random delay
in transmission of thei-th nearest UE, and ;., is the signal phase of tha-th
nearest UE taking values in the range [@ ). In this analysis we do not require
the ground UEs to be synchronized and allow them to transmit independently and
asynchronously. In view of this, we assumke jg and f ;.,g to be two sequences of

i.i.d random variables with ; U [0;T]and ;, U [0;2 ).

The SOI received at the probe sensor from the target drone is similarly described
with its LoS and NLoS components. We obtain the LoS component by applying
the sensor antenna pattern and large-scale fading to the drone's transmit signal as
follows

k p———
Zios(t) = d_pﬁ 2P4G( a)a(t )
LoS

cos(2f .t + 4); (2.16)

while the NLoS component is obtained by applying both the small- and large-scale
fading along with the sensor antenna pattern as follows

X Kk P
Znios(t) = m—P == 2P¢G( m)d(t a)

m=1 dLoS NLoS

cos(2f t+ 4+ ): (2.17)

As before, the composite SOI is computed by (2.16) and (2.17) as

8
< R A
Zios(+ Z t); with P2 «(r
Z()= Los(t) NLos(t) ! Los(rd) ’ (2.18)
© Znros(t); with 1 Pfo(rq)

where P 4(rq4) is the probability of the respective LoS state given in (2.3). The
notation used in (2.16) and (2.17) is as followsk = ﬁ, P4 is the transmit power
of the drone,g,(t) is the unit-energy signal waveform for the drone 4 is the random
delay in the transmission of the drone with respect to the probe sensor, angis
the signal phase of the drone taking values in the range;[). As we do not
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8
S K 2 Xu 9 ———
% iy R mi  PuG( m;i)el( wit mi )
i=1 Lu m=1Jp
Y = * o ge  PG( e with Pl o(r1.4);
%X K 2 Xu qg ——— L '
- i;u R. m;i PUG( m;i)el( ui* m;'); with 1 PIos(rl;u);
i=1 U m=1
2.20
8 . " (2.20)
% kggda X0 p_____ p____ N
— m PaG( m)é "+ P4G(q) ; with Plg(ra);
— dLOS m=1
ke Xo p_____ ,
E — m P4G( m)€e ™; with 1 PAo(ra);
dLOS m=1
(2.21)

assume to have any knowledge of the drone signal waveform at the probe sensor,
we assume that 4 U [0;2 ), 4 U [0;T]. This enables us to be inclusive of most
existing RF infrastructures. We can thus project a realistic bound on the detection
performance, by accounting for the respective performance losses, due to the lack
of the said signal information.

We assume that both UE and the drone signals are narrowband, such thiat Tl
with T being the symbol duration at the probe sensor. For the sake of analytical
tractability, we assume the general signal waveforms for the UEs and the drone to

be a unit-energy step function:

8

S pl:; forO t T

u(t) = S T :
- 0 otherwise

(2.19)

Lemma 1 The in-phase/quadrature (I/Q) decomposition of the composite
received signalR(t) is represented aR = Z + Y + N . The IQ components of the
AWGN, N; and Ng (such thatN = N;+ Ng) are i.i.d Gaussian random variables,
each distributed as N (0;Ny=2) [30, 31], and theRIQ-decomposition for the
aggregate interference is given ir{2.20), where ;,= OT ou(t i)0u(t) dt is the
cross-correlation between the transmit and receive waveforms for théh nearest
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UE, and f ;.,0 is a sequence of ii.d random variables with;, U [0; 1]
Similarly,é/Q decomposition of the SOI is given in(2.21), where = NLoS= LoS
and 4= OT gq(t  )gu(t)dt is the respective cross-correlation andg U [0; 1].

See Appendix 2.10.1.

2.8 Detection and Coverage Performance of the
RF Sensing Network

In this section, we evaluate the detection performance of the sensing network. To
this end, we rst derive the distribution of the RSS of the composite received signal
at the probe sensor, and then derive the probabilities of false alarm, detection and
coverage.

2.8.1 Statistical Distribution of RSS

In order to derive the distribution of the RSS, we rst describe the distribution of
the I/Q components of the aggregate interference and the SOI in the following two
theorems, and then present the overall distribution of the received signal.

Theorem 1 For a su ciently large number of MPCs over the NLoS link (i.e.,

My), a given value of the horizontal distanc®;.,, a given value of the UE cross
correlation coe cient ., a given value of intended UE's signal phase.,, and a

given value of the Stable random variablg (de ned below), the conditional

distributions of the 1-Q components Y =Y,+jYg) of Y are given as follows
Yi N (v; &) andYo N ( ov; 2), where

8 Po—rF—
K v PJG( 1 ;
2 Ky PuG( 1u) €OS( 1) | with P{os(r1.4)

Y = S Riy ’ ; (2.22)
"0 with 1 P/ s(rey)
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and

8 P
K 1o PuG( po)sin( 0) .
< F\E Ll’ AL ); with Plos(r1.0)
QY= Lu ; (2.23)
0 with 1 Plog(r )
with the variance
|
AVK P 2 +8 2
2 — u 1 [ )
YT o K Cil 2 2 h( sa) (2.24)

whereC4 is a parameter based on the particular value of, h ( 34g) is the function
|
given as

r I

€026 e ma 0:23A,,
h = p——-ocrf
( 3d8)= 3dB 553 e, 12
r - H
2 A
wm = el An 4 gBnma An, (2.25)

andV is the random variable following a Stable distribution, denot&Il( v; v; v),
with the stability parameter \ = % the skewness parametery, =1, and the scale
(dispersion) parameter \ = cos - [32]. The choice of isotropic antenna at the
probe sensor results im ( 3g8) =1.

Proof: See Appendix 2.10.2.

Theorem 2 For a su ciently large number of MPCs over the NLoS link (i.e.,My),

a given value of the horizontal distancRgy, a given value of the drone correlation
coe cient 4, a given value of the random phasg, and a given value of the Stable
random variableV the conditional distributions of the 1-Q components4 = Z, +
jZ o) of Z are given as followZ; N ( z; 2)andZg N ( qz; 2), Where

8 P
Lz = dios ‘oS °

> ]
0 with 1 P2 o(rq)

(2.26)
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and

8 P ———
k P [
2 K PoG( a)SINCa). iy pa (1)
2=,  Gos o ; (2.27)
" 0; with 1 P2 o(rq)
with the variance
2 - 2 GPah( sae). (2.28)

2 NLoS
dLoS

Proof: See Appendix 2.10.3.

Let R, and Rq be the in-phase and the quadrature components of the 1/Q decom-
position of the received signal such thaR = R, + jR o. The RSS is therefore given
in terms of in-phase and quadrature components as follows:

Rs= R} + R: (2.29)

Using the distributions of the 1/Q decomposition of the aggregate interference and
SOl given in Theorem 1 and Theorem 2, we characterize the distribution of the
RSS under the hypothesebly and H; de ned in (2.10) and (2.11), respectively, in
the following theorems.

Theorem 3 For a given value of the horizontal distancR;.,, a given value of the
UE correlation coe cient 1., and a given value of the Stable random variablg
the conditional distributions of the RSS undeH, can be described as a scaled non-
central Chi-squared distribution of degre@ and non-centrality parameter—“of, ie.,

Rs o % %, where

N
5= IS
S K2 12P,G
2 K PuCa) iy b1 (1)
_ R.. * :
nc = Lu ; (2.30)

and 2 is given in (2.24). Note that when ,.=0 (i.e., along with the NLoS channel
state), the distribution of Rg reduces to a scaled Chi-squared distribution.
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Proof: See Appendix 2.10.4.

Theorem 4 For a given value of the horizontal intended UE distand®,.,, the
horizontal drone distanceRy, a given value of the drone correlation coe cient g,

a given value of the UE correlation coe cient ;.,, and a given value of the Stable
random variable V, the conditional distributions of the RSS undeH; can be
described as a scaled non-central Chi-squared distribution of degre and
non-centrality parameter—“f, ie.,, Rs 1 ‘% % , Where

2= 24 2+ %; (2.31)
and
8
%0; with (1 Pos(ra))(X  Plos(rau));
S with U PRsra)Plo(rsa)i .
g S; ) with (1 Plog(ryu)) Plos(ra);

_ _ 9 .
1t 2 5 with P-Il_-os(rl;u)PﬁoS(rd);

where 2 is given in (2.28), and

— k? 1;u2PuG( 1;u). - k? gpdG( d).

1= L 2 LoS(2 :
I:\)1;u dLoS

(2.33)

Proof: See Appendix 2.10.5.

2.8.2 Performance Evaluation

We now investigate the detection performance by deriving thprobability of false
alarm, referred to asPra, the conditional probability of detectionfor a given value
of rq, referred to asPp(rq), and the network wide detection coverage probability
referred to asPp.ag. We decide onH; when the RSS measurement exceeds a
xed threshold , and pick Hy otherwise. Pea and Pp(ryq) can therefore be
derived using the complimentary cumulative distribution functions (CCDFs)
Fro( thiHo)= Pr(Rs  w;Ho) and Frry( thilra;H1)= Pr(Rs  wjra;Ha),
respectively.
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Z,7Z, r——r

PFA - EV 2k ul Lu exp( r %;u) P[os(rl;u)QM le; %
0 0
+ P-II\—ILOS(rl;U) exp 2 ﬂ;z d Lu dr1;u : (2.34)
Z,2,2, S—r __
Po(rg) = E 2Ky 1y€x 2y Pl o(ry)PR L.t
p(ld v ulf zueXp( 1 3) Plos(Muu)Pies(ra)Qwm 1 5
0 0 o 1 1
S—r r—r
h h
+ PlLos(r 1:0)Plos(ra) Qu —2; L2 + Plos(r10) Plos(ra) Qu —132; ?
1 1
+ P-II\-ILOS(r].:U)PQLOS(rd) exp 2 t:2 d d d Lu Clr1;u : (2.35)

Theorem 5 The probability of false alarm,Pra, at the probe sensor for the drone
detection problem described in Section 3.5 is given (2.34), where 2 and ; are
given in (2.30) and (2.33), respectively, andQy( ) is the Marcum Q-function [33].

Note that the distribution of the aggregate interference, as stated (&.22), (2.23),
and (2.24), does not depend on the location in the stationary HPPP g [24].
Moreover, the distribution of the interference is not impacted by the location of the
target drone either. Therefore the probability of false alarm at all sensor locations
in the network g, for all possible locations of the target drone, has the same
value and it is represented by (35).

Proof: See Appendix 2.10.4.

On the contrary, the distribution of the RSS, as stated by (2.26), (2.27), and
(2.28), in the presence of a target drone is dependent on the link distance between
the target drone and the probe sensor. Therefore considering the horizontal
distance (4) between the drone and the sensor to be a constant, enables us to
evaluate the impact of the interferer density, the drone altitude, and the RF
con guration (i.e. the beam tilt and the HPBW) on the detection probability,
Pp(rg), regardless of the sensor density. Thu®p(rq) indicates the detection
probability, at the probe sensor (located at the origin), due to a given set of drone
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locations, f (x;y; hq) 2 R®: x2 + y? = r4°g, and is given in the following theorem.

Theorem 6 The conditional probability of detection Pp(rg), at the probe sensor
that is horizontally ry units away from the target drone is given ir52.35),pwhere

2 and , are given in (2.31) and (2.33), respectively, and 3=( 1+ )2
Since the closed form PDF for the stable random variablé is not available, the
expectation with respect to/, Ey [:] is computed by averaging the respective function
of V over a large number of samples drawn from the given distribution \éf

Proof: See Appendix 2.10.5.

In order to evaluate the detection coverage probability achieved by the sensor
network in the ROI, we consider detection by then"-nearest sensar and the
distribution of the random horizontal distance Ry) between the target drone and
the probe sensor is then given by (2.2).Following the notion of single
coverage [5, 24], a certain drone locatiofx;y; hg) in the ROI is said to be covered

if the drone is successfully detected by at least one sensor in the network, and the
coverage probability is de ned as the fraction of the ROI that at least has
single-coverage.Thus the coverage probability, Pp.avg, achieved by the sensor
network, g, is given in the following theorem.

Theorem 7 The detection coverage probabilityPp..,g, Can hence be obtained by
taking expectation of the conditional probability of detectio®p(rq) in (2.35), with
respect to the random variabl€&ry, over the all possible values of; as follows

Z n
1 2( ) rczjn 1exp( rg)pD(rd) drg; (2.36)
o (n)

which characterizes the detection performance regardless of particular location (i.e.
a particular value ofRy) of the target drone in the network.

I:)D;avg =

Proof: See Appendix 2.10.6.

2.9 Numerical Results

In this section, we numerically analyze the impact of various network, propagation
and RF parameters on the detection performance of the proposed detector.
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2.9.1 Overview of Key Expressions

Before we provide our numerical results, in this section we would like to
summarize some of the key expressions derived in the earlier sections and
comment on their signi cance. In Section 1V, equations (22) through (25)
characterize the mean (i.y; o.v) and variance ( 2) of the I-Q components of the
total interference signal, Y, at the probe BS. Equations (26) through (28)
characterize the mean (;.z; o:z) and the variance ( 2) of the I-Q components of
the drone signal,Z , at the probe BS. The reason for considering these equations
as crucial, is that the mean and the variance terms are expressed in terms of the
node density (), antenna pattern parameters (g, and 3gg), and the A2G and
terrestrial propagation parameters. Thus, these equations are crucial to
understanding how the LoS and NLoS energies in these signals are dependent on
these factors, which in turn decides the distribution of the received signal strength
(RSS) (as discussed in Section V, and represented by equations (30) through (33))
at the BS, and the nal performance metrics such a®p and Pgy, which are
essentially the complementary cumulative distribution functions (CCDF) of the
RSS, under the alternative and the null hypothesis.

Finally, equations (34)-(36) characterize the immediate performance metrics of
interest, i.e. the conditional detection probability, Pp(rgy), the probability of the
false alarm,Pga, and the detection coverage probabilityPp.avg, and thus they are
crucial to gaining understanding of the numerical results.

2.9.2 Numerical Results

In particular for the case of the isotropic antenna pattern, theconditional
detection performance is evaluated in conditional detection performance is
evaluated in Section 2.9.3 by plottingPp(rg) in (2.35) against the respectivePga
(i.e., the receiver operating characteristic (ROC)), whereas thdetection coverage
performance is depicted by plotting Pp.ayg in (2.36) for a xed desired value of
Pea= ra. For the directional antenna pattern, the conditional (see Section 2.9.4)
and the detection coverage (see Section 2.9.5) are plotted in pairs, i.e.,
(Po(ra); Pea) and (Pp.avg; Pra), respectively, as functions of beam tilt, HPBW,
drone altitude, and node density.
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(@) NLoS PLE, |, =4. (b) NLoS PLE, | =3:5.

Figure 2.6: Single sensor ROCs for varying node densitids; (= 300 m, rgy = 923 m,
Isotropic).

We assume a fully-loaded network withk, =1 in the interference-limited regime
so that the AWGN is negligible compared to the interference power, i.e.2 %
so that 3= 2. We further assumeP,= P4=20 dBm, f.=3:5 GHz, hg=35 m,
hie=0 m, Gpmax=17 dB, and A,=20 dB [22]. The terrestrial channel is
identi ed with the PLE |2 [2:13,4:89] for the NLoS links [34] and _ =2 for the
LoS links. For this work, we consider suburban and urban settings for the A2G
channel which are characterized by (2.3) and (3.3), with the following set of
parameters: @;b) =(4:88 0:429), ( '°S; NL°S)=(0:1;21) dB for the suburban
setting, and (@;0=(9:61170:1581), (°S; NL9S)=(1:20) dB for the urban
setting [25].

2.9.3 Sensors with Isotropic Antenna Patterns

Fig. 2.6a and Fig. 2.6b show the ROCs for the isotropic antenna pattern and two
di erent PLEs where the UE density increases from 10° m 2 to 10 * m 2.
Regardless of the PLEs, the conditional detection performand®,(ry) for a given
drone location h3=300 m, 4=18 i.e.rq =923 m) drops for all values ofPg,,
as the UE density increases. This is because any increase ialso increases the
dispersionV ¢ of the aggregate interference. For a given and Pgp, the Pp(rg) in

a suburban area is higher than that in an urban area, which is due to the higher
probability of LoS and the lower A2G path loss experienced in a suburban area. By
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(@) Impact of hg on ROC for rq = 923 m, = (b) Impact of  on Ppayg for hqg =300 m.
10 4m 2,

Figure 2.7: Impact ofh and on the detection performance (, = 4, 'lsotropic’).

comparing Fig. 2.6a and Fig. 2.6b, we see that for a xeBga and , the Pp(rq) for

1 =3:5 is signi cantly lower than that for | =4. This is due to the fact that the
dispersion of the aggregate interference increases as the PLEor the interfering
links decreases (;/  2). Fig. 2.7a demonstrates the impact of the drone altitude
on the conditional detection performance of the probe sensor far= 4. We observe
that for rq = 923 m, ashq increases from 300 m to 600 niPy(r4) drops for all values
of Pea. This is due to the fact that the increased A2G link distancel, ,s causes a
drop in the SIR of the SOI.

Next, we use Fig. 2.7b to illustrate the impact of the node density, on the detection
coverage performance. For a given value Bfa, Pp.ayg Changes in a non-monotonic
pattern with respectto . When increases, the reduced average A2G link distance
and the increased LoS dominance increase the average SIR of the SOI causing the
Pb.avg t0 increase. However the increasedalso increases the aggregate interference
which in turn reduces thePp.ay for a xed Pga. Thus we nd that there exists

a critical node density . that optimizes the detection coverage performance. We
note that . in both suburban and urban environments increase as the required
Pra decreases from:0025 to 0001. We also observe that the value of; for a xed
value of Pea in suburban area is lower than that in an urban area.

For all the plots in Fig. and Fig. we include the results obtained by both the
theoretical analysis presented in this chapter, and a simulation based investigation
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as well. While the curves with the markers represent the theoretical analysis, the
line curves illustrate the results obtained from the simulation. We note that the
theoretical analysis tracks the simulation results quite closely. Lastly the process
of the simulation is the same as that proposed in papers such as [35{38], where we
consider a 1 km 1 km system area, and randomly drop BSs and UEs at 2D
coordinates, where each coordinate is generated according to a uniform
distribution x UJ[ 500 m500 m], andy U [ 500 n500 m], with total
number of the BSs and the UEs in the system area beingm 2 (10° m?), and

ke m 2 (10° m?), respectively. We then x the drone location &q; yq; hg), such
that r3= x3+y37 (923, pick one of the nearest BSs to the said drone location,
and compute the received signal strength at the chosen BS for the two cases, i.e.
with and without a contribution from the drone signal, and plot the null and
alternative empirical cumulative distributions of the received signal strength in
these two cases to obtain the probability of detectionPp(ry), and the probability

of false alarm,Pga, respectively. The coverage probability of detectionPp.ayg, IS
obtained by generating the 2D coordinates of the drone locatiox{; ys) randomly
according to the wuniform distributions: xg4 U [ 500 m500 m], and

ya¢ U [ 500 m 500 m], computing the probability of detection for each location
of the drone, and then taking the average of the probability detection for all the
drone locations.

2.9.4 Sensors with Directional Antenna Patterns:
Conditional Detection Performance

In this section we discuss the impacts of the beam tilt, the HPWB, and the A2G
propagation onPp(rg) and Pga, and use the key ideas aboytrobability of alignment
described by (2.7) and (2.8) in Section. 2.6, to explain the variation iRp(r4) and
Pea with respect to the said parameters. While the lack of alignment between the
drone and the probe sensor is characterized I®(B) = 0, the receive gain of the
LoS SOI and the LoS interference signal are monotonically increasing with respect
to P(B) and P(A), respectively. Fig. 2.8a and Fig. 2.8b together depict the impact
of the antenna pattern alignment between the drone and the probe sensor, on the
conditional detection performance. Both gures employ the same antenna pattern
con guration: ¢ 2[ 30;30]and 3352f 8 ;12 g, but Fig. 2.8a considers a drone
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(a) Impact of HPBW ( 3qg) for ¢ =85 and P(B)=0.

(b) Impact of HPBW ( 34g) for ¢=15 and P(B) O.

Figure 2.8: Pp(rq) and Pga versus g ( 1 =4, =10 °m 2, hy = 100 m, 'directional’).

elevation angle (4=85 , hg =100 m) that remains outside the dronedetection zone
(4 ub) Of the probe sensor for all j; and all 34g. Due to this lack of alignment
the LoS drone signal experiences a very low receive gain d20 dB for all beam
tilts, leading to very a low SOI and and a very pooiPp(rg). On the other hand,
Fig. 2.8b demonstrates the improved detection performance for a drone location
( ¢=15 , hg=100 m) that is within the detection zonefor all values of 345 and a
sub-range of ;.
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Impact of Antenna Tilt

Fig. 2.8a shows us that wherP(B) =0, there exist critical beam tilts, respectively

ft:p, @nd  §; p_, that maximize Pp(rq) and Pea. This is because, asy; increases
and the interference zonemoves away from the originP(A) keeps increasing until
the interference zonemoves too far away beyond the intervals oR;., where the
probability density fr,.,(r1.u) is high. This in turn increases the respective receive
gain of the LoS interference signalY. (t). Since the increase in the receive gain
is much stronger than the increased path loss and the decreased probability of
LoS caused by the outward movement of thénterference zone in the absence
of the drone-sensor alignment, the RSS of the received signal is mainly governed
by P(A). Thus, similar to P(A) in Fig. 2.5a, there exist critical tilt angles each for
Pp(rq) a@d_PFA, that maximize the said quantities. Sincd?(A) drops to zero beyond

tilt ’i—g 3gs and regardless of the particular value of , the LoS interference
signal experiences a constant SLL of 20 dB, Pp(rq) and Pga remains constant
beyond the threshold beam tilt angles %, ,  and %%, ;. SinceP(B) increases
beyond zero for , O, the receive gain experienced by thed_cé SOl and the
respectivePp(rq) in Fig. 2.8b improve signi cantly for d % 3dB-

Impact of HPBW

Fig. 2.8a also shows that whe®P(B)=0, as 3gg increasesPp(rq) and Pga for all

tir increase. This is due to the fact that as 345 increases, the power of both the
NLoS drone signal and the NLoS interference signal increase for aji, increasing
both Pp(rq) and Pga. Moreover, as 3qg increases, the critical beam tilts tom;PD and

t?lt;PFA, move towards the lower bound of the ;. This is because, thenterference
zonefor a wider 345 sweeps through the high probability density interval oR;.,
at a faster rate with respect to the ;, and achieves the maximum oP(A) sooner
at a more negative tilt angle. Similarly, Fig. 2.8b illustrates that wherP(B) 0, as

3¢ INcreases from 8to 12 , the range of y; that allows for an improved Pp(rg)
gets wider, due to the increase in the width of thenterference zone
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Impact of A2G Propagation

Contrary to the common intuition, Fig. 2.8a demonstrates that whenP(B) =0,
Pp(rg) in an urban environment is higher than the Pp(rq) in a suburban
environment, for all beam tilt angles. Due to the lack of alignment, the LoS
component of the SOI experiences a very low receive gain, whereas the NL0S
components experience much higher receive gain. Since the probability of NLoS is
higher in an urban environment as compared to a suburban environment, the
average power of the drone signal and the respecti?g(rq) is higher in an urban
environment. Fig. 2.8b shows that the range ofy, for which P(B) > 0, the Pp(rq)

in the suburban environment becomes higher than thép(ry) in the urban
environment.

2.9.5 Sensors with Directional Antenna Patterns: Average
Detection Performance

In this section we analyze the impact of the antenna radiation pattern ¢; and
3dqs), the drone height (y), the network density ( ), the propagation parameters
(‘SU' vs "U'), and the various choice of the probe sensor on the detection coverage
performance with directional antenna patterns. Please note that, as opposed to the
conditional probability of detection, in Sec.2.9.4, the coverage probability discussed
in this section, is not dependent on the link distance between the drone and the
sensor, but on the sensor density itself. However due to space limitation, we only
include our analysis of the impact of 4, hy and on Pp.ag. For the ease of
analysis, we divide the associated intervza of g in 3 contiguoua sub-intervals,
namely:1; =[ 30; Jip. ) l2=[ Sipo Ao sae) and I3 = ( 22 548: 301,
where § p_ is the critical tilt angle that maximizes the Pra, as mentioned in Fig.
2.8a. Inl4, P(B) remains zero andP(A) increases monotonically with respect to
iit - In 1o, P(A) starts to drop and P(B) starts to increase. Inlz, P(A) drops to
its minimum and remains constant in the rest of the interval, whereaB(B) keeps
increasing with the increasing tilt angle.
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(a) Impact of node density ( ) for 'NN-1".

(b) Impact of node density ( ) for 'NN-2'.

Figure 2.9: Pp.ayq for h = 135 m, as a function of 4 and ( s =12, | =4, 'SU,
'‘3GPP-like").

Impact of Node Density

As varies, both UE and sensor density change. Any variation in the UE density
impacts both the Pgs and the Pp.ayg by changing the receive gain and the path loss
of the LoS interference signal, and the variance of the NLoS interference signal,
whereas changes in the sensor density only impacts thg.ayq by changing the
receive gain and the path loss experienced by the LoS Sol. However, the changes in
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(@) Critical node density ( ¢) for 4 2 (b) Critical drone altitude ( he) for g 2
f5;25g. f5;25g.

Figure 2.10: Critical , and critical hg of Pp.ayg for 'NN-1', and 'NN-2' ( 38 = 12,
| =4, 'SU', '3GPP-like").

the receive gain with respect to the increased can be very di erent for di erent
values of the sensor beam tilt.

For example, In Fig. 2.9a and Fig. 2.9b, we see that in the, interval, Pgs and
Po.avg increase with increasing from 3, to 75 (. This is because inly, an
increasing leads to higherP(A), higher receive gain, and lower path loss of the
LoS interference signal. All of these factors together create an increasing pattern
in the composite RSS andPp.ayg With respect to the node density . However in

the I, interval (where dstﬁR 0 and % 0) the Pp.ayg can be decreasing or
non-monotonic with respect to the . This is because when increases, the path
loss of the SOI and the interference signal decrease but the receive gain of the LoS
SOI and LoS interference signal also decrease. Since in theinterval we have:

4PA) < 0, we also have®2) < 0, which leads to decreasing receive gain of the LoS

int“ehrference signal with respect to . Similarly, due to having ddLi) Oinly we
also have:%< 0, which in turn causes the receive gain of the LoS SOI to
decrease with an increasing. Since inlz we have:P(A) = 0, P(B) > 0 and
% <0, we also have.‘@ > 0. Thus as increases, the receive gain of LoS SOI
also increases. This combined with the decreasing pathloss of the SOI and the
interference signal causes thBp.a4 to be increasing with respect to the . Thus

we realize that for a given g there might exist a critical node density . that
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(a) Impact of drone altitude ( hg) for 'NN-1'.

(b) Impact of drone altitude ( hg) for 'NN-2".

Figure 2.11: Pp.ag for =1:5 10 °m 2, as a function of 4 and drone altitude hq
(38 =12, | =4,'SU', '3GPP-like’).

maximizes Pp.ayg. As illustrated in Fig. 2.10a we see that, as the given g
becomes steeper, the value of the. also increases.

Comparing the Pp.5,g and the Pes for a particular node density (either 3, 15 ¢

or 75 p), across the 3 intervals y, |, and 1 3) we realize that the optimal detection
coverage performance is attained at a certaigritical tilt angle in |3, where the RSS
of the composite signal is maximized, but the amplitude of the interference signal
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is minimized in a probabilistic sense (a$(A) becomes 0 inl3). As the density
increases the critical tilt angle moves towards the upper bound of they; range.

Impact of Drone Altitude

Regardless of the sensor beam tilt, an increase in the altitudig causes a drop in
the SOI amplitude due to the increased 3D link distance. It also causes tig ¢

in (2.3) to increase (due to the higher elevation angle,q), which in turn increases
the average SOI amplitude. Thus we see that ih;, where P(B)=0, the Pp.ay
under suitable parameter con guration may show a non-monotonic pattern with
respect to the altitude (as in Fig. 2.11a, and Fig. 2.11b, th€p.a,4 for hg=85 m,
and hg =185 m are both smaller than thePp.,,4 for hgy =135 m, in the | interval).
However, since in, we have:P(B) > 0 and ddLi) > 0, we also have"f;(Tz) < 0, which
causes the receive gain of the SOI to decrease with the increadiggThis combined
with the increased 3D link distance and path loss creates a decreasing pattern in
the Pp.ayg With respect to hy in the I, interval. Finally, in the I3 interval, where
P(B)> 0 and T} < 0, we also have§®) > 0, which means that the receive gain
increases ady increases. Since the increase in thg also increases the pathloss,
this results in a non-monotonic relationship between th€p..,4 and the hy in the

| 3 interval. Thus we realize that for certain tilt angles, there exists a&ritical drone
altitude h¢, that maximizes Pp.5,g by overcoming the increased pathloss with the
increased receive gain. In Fig. 2.10b we illustrate the impact of the tilt angle on
the critical altitude. We observe that as the given y; increases from 5to 25 the

value ofh. becomes larger.

Comparing the Pp.ayg and the Pea for a particular drone height (either 85 m, 135 m
or 185 m), across the 3 intervalslg, I, and | 3) we realize that the optimal detection
coverage performance is attained at a certaritical tilt angle in |3, that maximizes
the Pp.avg by maximizing P(B) and minimizes thePga by letting P(A) drop to zero.
As the altitude increases the critical tilt angle moves towards the upper bound of
the 4 range.

Impact of Choosing the n"" Nearest Sensor

The plots in Fig. 2.9a and Fig. 2.9a along with the plots in Fig. 2.11a and Fig. 2.11b,
illustrate that when P(B;2)> P(B; 1) and the increased receive gain is higher than

40



n p #

w Lr P _
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m=1

= d

kCOS(d)f PaG( q) Z1

ga(t  a)Qu(t) dt : (2.37)
{z }

- d

rJ
dLoS LoS | 0

the increased pathloss, the"? nearest sensor (denoted as 'N-2') yields a higher
Pb.avg, @S compared to the the nearest sensor (denoted as 'N-1'). Thus both in
Fig. 2.9a and Fig. 2.9b, and Fig. 2.11a and Fig. 2.11b, at very steep positive angles,
Po.avg Yielded by 'N-2' is higher than that yielded by 'N-1'. While for very low
node density ( =3 ) and very low drone altitude (hq = 135 m) 'N-1"is preferred

at all 4, as andhy increase, thethreshold beam tiltbeyond which the 'N-2' is
preferred over the 'N-1', becomes steeper.

2.10 Appendix

2.10.1 Baseband Signal Representation

The I-Q components ofZ = Z,+ jZ o are obtained by projecting the respective
random processZ(t) onto a set of basis functions:f|(t)=" 2gu(t) cos(2f t),
fo(t)= 20,(t)sin(2 f ¢t). We show the 1-Q decomposition oZ for the LoS
case, in (2.37). UsingFgu(t): gq(t) = u(t) a& in (2.19) and 4 U [0;T] in
Section 2.7, we get 4= OT u(u(t g dt= Z% dt=1 < and thus we get:
¢ U [0;1]. Similarly we have ., U [0;1], for 1 i< 1 . Following similar
algebraic simpli cations we can show that
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P o——._.
zo= ke m PGLm)SIN(m+ o)
= F
=1 dLoS NLoS

P
K PaG( a)sin(a) . (2.38)
dLoS LoS

X R ki‘ m;i i;uq o~/
Y= 1 PuG( m;i)cos(iut m;i)
i=1 m=1 Riu

2
L P——
k2 1;u PuG( l;u)COS(l;u) .

(Ry)?
X Xlu kEI m;i i;uq— ;
i=1 m=1 iiu 2

R S
k2 14 PuG( 1u)sin( 1u) .
(Ryu)?

(2.39)

(2.40)

2.10.2 Distribution of Aggregate Interference Amplitude

We will consider two cases separately; rst theNLoS setting and then the LoS
setting.

Case 1 (st = NLoS: Using complex random variabledJ;, X, B i, we rewrite
(2.20) as:

XU
Y = e U= U+ jUio;
i=1 (Ri;u)?

whereU; , = gXin= i M4 Bmin: and,
Bmi=K? mi PuG( mi)d(m* i with n2flQg.

Distribution of  U;.,: Using moment properties of the respective random variables
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Y = : -1 1u PuG( 1u) cos( 1) ;
i=1 (Ri;u)2 Lu
X Ui A
i=1 (Ri;u)2 Lu
k g PuG( 1.u) cos( 1)
YIjF\)l;u; 1;u; 1;u;V N ( I;Y; \2(); Wlth I;Y: L . R ,_:L;u L ; (242)
1;u
P
- . K 1 PuG( 1.4)sin( 1
YQJRl;u; Lus l;u;V N ( QY \2() ; with QY — = - F\ELLU) ( 1YU) : (2-43)
L;u

we can show that for alli and m, E[Bn.. o] =0; and

E[Bmi: o] kz‘ZPug[ 2mi JEIG( m)]
k2P, O G(m)f (m)d

h( aas) .
> ;

= k2 P, (2.44)
where the expression foh( sgg) is the same as in (2.25), which is not dependent
on eitherm ori. Sincef i9,f mig, andf ..gare sequences of random variables
that are i.i.d in both m andi, f Bp;. ,g is also a sequence of random variables, i.i.d
iFI;l both m and i, for both n 2 fI;Qg. Now using CLT [30] we see thaiX;q =

M Bmio!'N (0; );asM, !l where 2= E[B2, o] as in (2.44). Similarly
we can showX;; = M B N (0 2).

SincefBnm;. 19 and fBn.. o9 are two sequences of i.i.d random variables in we
conclude that f X;.,g is a sequence of i.i.d Gaussian random variables for with
Xin N (0; 2)forall i, and both n 2 f I; Qg. Similarly we realize that U, is also
a sequence of random variables that are i.i.d in sinceU;., = X, andf ;.0
and f X;.,g are also sequences of random variables, i.i.diin

Distribution of  Y,: SinceU; is a series of i.i.d random variables andRf ]}, is
de ned with respect to a PPP, Y, and Yo become jointly Stable random

43



2D . . — kZPd 5 2 2
E[BniRd; o d]l = WE[ mlE[SIN°( m + @)]E[G( m)]

0S 7

_ k2Py 3 _ k2Py 5 2
_WE[G( m)]—w EG( m)f n(m)dm
Z
k2p, 2 e0:23Gpmax < 37 2
— 2d2 dNEOS exp m tilt d .
LoS rf I 3dB
+ 1 238 Am (023Gemx Am) - (2.47)
12
variables [32]:nYn S %( vi vl y), with y = il, y = 0, and
v= Kk uCLE jUin1 , where
|
8
2
<z forx=1
Ci= : (2.45)

©oEsin 5 (X); otherwise'
Now using the moment properties of the GaussianQ,) and the Uniform ( ;.,)
random variables, we obtain for bothn 2 f I; Qqg:

2 2
I I|+2

(3+ N am) (2.46)

Decomposition of Stable Random Variables: Next, using the decomposition
property of Stable random variables [32] we gety = VG such that
G=G, + |[Gq is a complex Gaussian random variable such that for both
n2f1;Qg9; Gy, N .(0;2 g), where g = 2( Y)?', andV S ( v; v; v), with
V:%, v=1, y=cos - and V and G are independent random

variables [32]. Therefore, Y,V and YgjV are iid random variables with
YiV N (0; ,?),where 2=V g=2V( v)? asin (2.24).

Case 2 (sr = Lo9: Using the random variablesU;.; and U.q as in Case 1 ¢ =

P _
NLoS, we rewrite (2.20) as in (2.41). Using ilzl (RU”)” - jV. N (0; ,?), from
iu) 2

Case 1 & = NLoS, the distribution of Y, and Yq in (2.41), are given as in (2.42)
and (2.43), respectively.
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2.10.3 Distribution of SOI

Let's de ne

P — .

B. = k d m PdG(nm)Sm( m+ d)
m — P

dLoS NLoS

: (2.48)

where E[BnhjRg; ¢; ¢]=0. Sincef g, f ng and f g are sequences of i.i.d
random variables, fBhjRy; 4; ¢g is also a sequence of i.i.d random variables.
Thus for a large value ofMy [30], by the application of the Central Limit
Theorem (CLT) we have the following cases.

Case 1 (sa = NLoS:

Z. N (0;
2= E[B2jRqy; ¢ al;8N2f1;Qq;

whereE[B2jRq; ¢; 4] is computed as in (2.47).

Case 2 (sa = L09:

P— .
K'a PaG( a)sin( a)
dLoSP oS

& _
+  BmjRa o !N ( 0z D (2.49)

m=

ZojRg; o d=

Kk d PdGr( d)_COS(d)

ZjR4; o 4= —

dLoSP
W _
+  BmiRa ¢ «!'N (1z; A (2.50)

m=1

where

P
Ka PaG( a)sin(a) . (2.51)
dLoS LoS

_ka P4aG( g)cos(q) .
I,z — dLOSI" oS .

Q;z

(2.52)
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2.10.4 Cumulative CDFs of RSS with Null Distribution

We rst derive the conditional distributions under the null and the alternative
hypotheses FRrujviRy s ( thiVi s St Ho); and
FRrujV:RuuRasrsa ( iV F1u; Fa; St Sas Hi)srespectively:

Case 1 (sr = NLoS: For this scenario, we havéd, : R; Rg jVN (0; ¢?). We now de ne
a random variable:

_Rs_ R’ R’
Xo= —= 5+ 3
0 0 0

where, X, conditioned onV, is distributed as a Chi-Squared random variable of degree
2: XOJV 2. Thus we obtain the CCDF of the RSS as:

P(Rs Ty (2.53)

Frev (rsiHo)

Is ls
P (X —)=ex

Case 2 (sr = Lo9: After scaling R, and Rg by o2, we getX, = % = Rle * R_(?;’ and
Ho: SUMRming Y.y

1
& jViR1;u; 1;lN QY . 1
1 0 ’

Using the values of v and o,y from (2.22) and (2.23) we getxljv @@= 1)

anda?= |y2+ Q;YZ = %. The CCDF in terms of Marcum'sQ function is given
as [33]:
P — _
Fx,(Xx1;H1) = Q a= 1, b= le
Z 1 a2 + u2
= ] exp 5 Ulo(aU) du ; (254)

X1

wherel o() represents the Modi ed Bessel Function of the rst kind, and zero-order:

P— p__
r
FrRiViRiw 1u(fsiHo) = Q a= —01;b= —OS ; (2.55)

Taking expectation of (2.55), with respect to the random variableR,.,, V, and 1,
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using (2.1) and v U [0;1], we obtain the
Pea = Fry(rssHo) = Eviriw 10 FRgVRLw 10(FssHo) , which yields the expression in
(2.34).

2.10.5 Cumulative CDFs of RSS with Alternative Distribution

Following completely analogous steps as in Appendix 2.10.4 and using the distributions
of Y and Z in Theorem 1 and Theorem 2, we derive the CCDFs of the RSS in four
di erent cases as follows.

Case 1 (st = NLoS sy = NLoS:

Fryryv (r's; H1) = exp

2 42
Case 2 (st = NLOS sx = LoS:
ST
FstRd§ d;V(rS;Hl) =Q a-= —1;b: )
Case 3 (st = LoS sy = NLoS:
P— P
FstRd; l;u;V(rS; Hl) = Q a= —11, b= 1S
Case 4 (sr = LoS sy = LoS:
P— p -
FstRd; d 1wV (rSl Hl) = Q a= —13, = 15 :

where

Since 4 U [0;2 ), we have

(¢ 1u) (Mod2) U[0;2):
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Thus, we have:
cos(g¢ 1) U [ L1]

and p_ p_ p
sULC 1 250 1+ 2%

Without loss of generality, we assume that 3 = (p o+ P »)2. Taking expectation of
the random variableFggr,. ,.v(rs; H1), with respect to the random variablesRy, V, and

q using 4 U [0; 1], we obtain the conditional probability of detection at a sensor that
is located at a distance of 4 from the target drone,

Po(ra) = Fr(rsgRa;H1) = Ev; 4 Fryvirg o(rssH1)

which yields the expression in (2.35).

2.10.6 Detection Coverage Probability

For a target drone atx4 = (Xq;Yq; hq), its ground projection location isxyq = ( Xq; Yq)-
Let D be the event that the n-nearest sensor to the target drone is located at the origin
(0;0) 2 R?. Thus we have:
..o dr ..o dr
P(D)= P jixdi — Rn ]l Xdjt+ =
2 2
= fr,(iixajj) dr: (2.56)

Let C be the event that the target drone is detected by then-nearest sensor. Thus we
have

P(C) = P(Rs(Rn) ) (2.57)

Let E be the set of all 2D locations in a ring of widthdr, centered around the origin
(0;0), with inner and outer radii of jjxqjj % and jix4jj + &, such that, E = fx 2 R?:

2 )
iixadi % i xii ji x4+ %g: Thus using (2.56) and (2.57) we get the probability
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that 8x 2 E; is detected by the n-nearest sensor as below

P(C\ D)= P(CjD)P(D)
= P(Rs(jixaj])  )fr,(iixdjj) dr

Po(jix ajj)fr,(ixqij) dr
Z

jix i+ %
PD(rn)f Rn(rn) drn :

jixaii 4

Similarly, the coverage probability in the entire ROI is characterized as the probability
that 8x 2 R? is detected by the n-nearest sensor, is given as below

Z
1 Po(rn)fr,(rn) dry : (2.58)

Substituting (2.2), in (2.58), yields the expression in (2.36).
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Chapter 3

Impact of Antenna Pattern on TOA
Based 3D UAV Localization Using a
Terrestrial Sensor Network

3.1 Research Outcomes

{ P. Sinha , and I. Guvenc, \Impact of Antenna Pattern on TOA Based 3D
UAV Localization Using a Terrestrial Sensor NetworkKin IEEE Trans. Veh.
Technol., Sep. 2021

{ P. Sinha , Y. Yapici, and I. Guvenc, \Impact of 3D Antenna Radiation Pat-
terns on TDOA-Based Wireless Localization of UAVSin Proc. IEEE INFO-
COM Workshops, Paris, France April 29-May 02, 2019, pp. 1{6.

3.2 Summary

In this chapter, we explore the fundamental limits of the 3-dimensional (3D)
localization of unmanned aerial vehicles (UAVS) in conjunction with the e ects of 3D
antenna radiation patterns. Although localization of UAVs has been studied to some
extent in the literature, e ects of antenna characteristics on 3D localization remains
mostly unexplored. To study such e ects, we consider a scenario where a xed number
of radio-frequency (RF) sensors equipped with single or multiple dipole antennas are
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placed at some known locations on the ground, and they collect
time-di erence-of-arrival (TDOA) measurements from the UAV that is also equipped
with a dipole antenna. We then use these measurements to estimate the 3D location of
the UAV, and to derive the Cramer-Rao lower bounds (CRLBs) on the localization
error for various orientations of the dipole antennas at the transmitter and the receiver.
Namely, we consider vertical-vertical (VV), horizontal-horizontal (HH), and
vertical-horizontal (VH) radiation patterns in a purely line-of-sight (LoS) environment
and a mixed LoS/Non-line-of-sight (NLoS) environment. We show that the localization
accuracy changes in a non-monotonic pattern with respect to the UAV altitude and
identify the respective critical altitudes for each of the VV, VH and HH orientations.
Subsequently, we propose a multi-antenna signal acquisition technique that mitigates
the accuracy degradation due to the antenna pattern mismatches, and we derive the
localization CRLB for the multi-antenna scenario. Our numerical results characterize
achievable localization accuracy for various antenna con gurations, UAV heights, and
propagation conditions for representative UAV scenarios.

3.3 Introduction

Localization of unmanned aerial vehicles (UAVS) in a 3D airspace has a wide range of
applications in military, commercial, government, and recreational scenarios. Depending
on the context, the UAV may or may not participate in the localization process, either
because the UAV communication system might not be designed for positioning purposes,
or it may be a non-cooperating and potentially a malicious UAV [1,39,40]. Whether the
goal is to localize a cooperating or a non-cooperating UAV, there are several parameters
associated with an RF signal [1, 3,40, 41] that can be captured from a UAV at multiple
sensor locations, such as the received signal strength (RSS), angle-of-arrival (AOA), time-
of-arrival (TOA), and time di erence of arrival (TDOA) [42]. Those measurements can
then be fused by a centralized unit for localizing and tracking the target UAV.

Due to the simplicity of implementation, localization schemes involving RSS, TOA, and
TDOA are more common as compared to the AOA methods, and the time based methods
are usually preferred over the RSS based methods due to the higher degree of accuracy
they provide. Between the TOA and the TDOA based approaches, TDOA is more suitable

to a wider range of general applications including localization of unauthorized UAVS, as

it does not require the source clock to be synchronized with that of the RF sensor. We
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therefore focus on TDOA based localization in this rest of this chapter.

There are various technical challenges for accurate 3D localization of UAVs that rely on
TDOA measurements. Since air-to-ground (A2G) links have higher likelihood of being a
line-of-sight (LoS) link, the link quality is also highly sensitive to any possible mismatches
in the antenna patterns at the transmitter and the receiver. As a result, the signal to noise
ratio (SNR) of an A2G link can degrade rapidly with slight changes in the transmit and
the receive antenna orientations and the mobility of the UAV [43]. Since the quality of the
TDOA measurements are dependent on the SNR of the target A2G link, it is important
to take the 3D antenna patterns into account while designing a robust 3D localization
algorithm. Moreover, the performance of the time-based localization methods are known
to su er in a non-LoS (NLoS) environment [44,45], due to the introduction of a positive
bias in the localization error. Thus the localization accuracy of the UAVS may signi cantly
degrade in a densely built up urban environment due to the diminished likelihood of the
LoS propagation.

In this chapter, which is a rigorously extended version of our earlier work in [46], we
develop a uni ed analytical framework which jointly takes into account the impact of
the 3D antenna patterns and the probabilistic LoOS/NLoS nature of the A2G links on the
accuracy of TDOA-based 3D UAV localization. To our best knowledge, such a uni ed
framework and analysis is not available in the existing literature. While in [46] we only
consider a single antenna signal acquisition technique in the presence of a purely LoS
A2G channel, in this work we study both the single and the multi-antenna techniques in

a purely LoS environment and a mixed LoS/NLoS environment. Our key contributions
can be listed as follows.

{ Considering single transmit and receive antennas at the UAV and the ground
sensors, we derive the Cramer-Rao lower bounds (CRLBs) for TDOA-based
3D localization of UAVs for three di erent antenna orientations, namely, VV,
VH, and HH.

{ In addition to considering purely LoS A2G links, we also derive the CRLBs
on 3D UAV localization accuracy for mixed LoS/NLoS A2G links.

{ As a mitigation technique, we consider localization by ground sensors with
multiple receive antennas, and we derive the CRLB for the multi-antenna
radiation patterns.

{ Our numerical results characterize the achievable 3D localization accuracy of
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UAVs for various scenarios and reveal several insights, such as non-monotonic
behavior of localization accuracy with respect to the UAV altitude and the
critical altitudes that optimize the localization accuracy for a given scenario.

The rest of this chapter is organized as follows. In Section 3.4, we provide an overview
of the related literature on 3D localization to place our contributions in context. In
Section 3.5, we describe the system model capturing the network topology, A2G
propagation, and 3D radiation patterns. In Section 3.6, we derive the statistical
properties of the TOA measurements, and establish the dependence of the TOA
variance on the antenna patterns. Using these ndings, Section 3.7 derives the
distribution of the TDOA measurements extracted from the TOAs, and subsequently,
the 3D localization CRLB is derived in Section 3.8. In Section 3.9, we present numerical
results that consider both theoretical bounds as well as a gradient-descent based
location estimator for various scenarios. Finally the chapter is concluded in Secti6f.

3.4 Literature Review

State of the art RF localization methods typically use approaches such as RF
identi cation, ultra wideband positioning (UWB), cellular network based positioning,

or wireless local area network based positioning, which are all applicable to localizing
UAVs. There are scenarios where UAVs are localized through dedicated signaling (see
e.g. [47]), while in some other scenarios sensors are required to passively intercept the
wireless signal exchange between the UAV and its ground controller (GC) [48{50]. In
either scenario, sensors with an omni-directional radiation on the horizontal plane can
provide good localization coverage as long as UAVs y at a close enough altitude with
the sensor antennas. However, for scenarios where UAVs may y at a wide range of
di erent altitudes from the ground, it is di cult to maintain omni-directional radiation
across the whole volume where UAVs are expected to y. For example, despite the high
density of sub 6 GHz cellular base stations (BSs), the downtilted antenna pattern at
these BSs that are optimized to serve terrestrial users will result in very poor
localization performance when trying to localize UAVs at higher altitudes.

In order to maintain communication with the GCs throughout the UAV ight, typically,
dipole antennas are used at the UAV and the GC, which have an omni-directional
radiation pattern in the horizontal plane. There are many papers in the literature that
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experimentally study the degradation in communication performance due to the use of
dipole antennas for di erent UAV altitudes, see e.g. [43,51{54]. However, to our best
knowledge, such antenna e ects have not been studied in the existing literature from a
3D UAV localization perspective other than our earlier preliminary work in [46]. There
is hence a gap in the literature on the characterization of 3D UAV localization accuracy
considering di erent antenna patterns and orientations.

In most of the existing related literature, the problem of 3D localization is studied in
the context of a generic wireless sensor network (WSN). Papers such as [55{59]
construct novel 3D location estimators from RSS and/or AOA measurements for
generic 3D targets, under conditions that assume constant presence of a LoS component
in conjunction with log normal shadowing. While such works are not directly applicable

to localization of UAVs, due to the lack of an appropriate A2G channel model (which is
probabilistic and mixed LoS/NLoS in nature), they also fail to account for any realistic
antenna patterns. Moreover the authors only compare the performance of their
proposed estimators against state-of-the art techniques, and do not provide any
theoretical characterization and fundamental bounds.

In [60, 61], although the authors derive both the CRLB and an estimator for an
emitter's location, they still consider less than realistic LoS channel model and isotropic
antenna patterns. In a similar line of work, [62{64] derive location estimators using
sensor networks of dierent kinds, such as a UWB sensor network and a vehicular
ad-hoc network (VANET), respectively. Although all of these works consider a more
realistic 3D channel, composed of both LoS and NL0oS components, they do not
consider any realistic antenna patterns. Finally, in [65] the authors derive the CRLB on
3D localization for a visible light communication (VLC) sensor network and
theoretically characterize the impact of Lambertian [66] (directional) radiation pattern
on the accuracy. However, this work is not applicable to localization of UAVs that use
RF links for communication, due to the signicant dierence between the
characteristics of the wireless RF channels and wireless optical channels [66].

In [67{71], authors consider cellular BSs as the sensor network for 3D localization.
Although most BSs have a vertically downtitited antenna pattern, the authors
in [67, 69, 70] do not consider any realistic antenna pattern. While [67] derives the
CRLB for the RSS-based localization for a UAV in particular, it fails to account for a
realistic antenna pattern, and only considers purely LoS A2G links, which can deviate
signi cantly from the true nature of the A2G links in urban environments. In [68], the
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authors use TDOA measurements from a network of cellular BSs to localize UAVS in
the presence of a mixed LoS/NLoS channel, and characterize the probability of
localization. However they do not consider the the realistic downtilted antenna patterns
that most terrestrial cellular BSs are equipped with, and they do not provide a
theoretical characterization of the localization error. Lastly, in [71] the authors consider
the antenna patterns for uniform planar array (UPA) at the BS, in conjunction with a
mixed LoS/NLoS channel, but only location estimators were derived, and the impact of
the antenna pattern on the localization performance was not considered.

3.5 System Model

We consider a sensor network wittN ground RF-sensors (FTs), where thé™ sensor
is placed at a known location X;;yi;0), with 1 i N. Each of these sensors collect
the TOA measurements from the signals arriving from a UAV located at an unknown
location (x;y; h), where the ground sensors might be equipped with a single vertically or
horizontally oriented dipole antenna or multiple orthogonally oriented dipole antennas.
The UAV is assumed to have a vertically or horizontally oriented dipole antenna. Fig. 3.1
illustrates such a model with three N = 3) ground FTs. It is desired to estimate the
unknown 3-D location coordinates X;y; h) of the UAV, and evaluate the impact of the
associated antenna patterns on the said localization performance. As shown in Fig. 3.1,
we denote the 3D and the two-dimensional (2D) distances between the UAV and tHe
sensor, agl andr;:

d= (xi x)?+(yi y)’+h?;
q

= (i xX)°+(yi y)?: (3.1)

The elevation and the azimuth angles associated wiilf' sensor are denoted respectively
as ; and i, given by:

l h
i =tan r— 7 =tan

(3.2)
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Figure 3.1: Reference sensors with xed locations, that collect TOA measurements for
UAV localization.

3.5.1 Propagation Channel Model

The A2G links usually tend to have a line-of-sight (LoS) component, giving rise to a mixed
LoS/NLoS channel. Due to the lower availability of scattering and blocking objects in the
case of a 3D channel, the probability of having a LoS path in an A2G channel is usually
larger than that of terrestrial channels. Thus in this chapter we model all the A2G links
between the ground sensors and the target UAV, to be of mixed LoS/NLoS nature. For
the characterization of the mixed LoS/NLoS A2G links, we adopt the model in [25], that
represents the total path loss in an A2G link, as the sum of the free space path loss,
and an additional path loss( **) due to the re ections, scattering and shadowing in the
environment, depending on the stateSy 2 f LoS NLoS) of the given A2G link, where
NLoS > LoS [25], Thus, the path loss over thé" A2G link is given in the dB scale as [25]:

PL* = 20log (d;) + 20 log 42 S +20log( ) : (3.3)

wheref is the frequency of transmission from the unauthorized UAV and is the speed
of light. The probability that the A2G link between the UAV and the i"" ground sensor
will have a LoS path is described [25] as a function of the respective elevation angle,
shown in (3.2):

1

T+ bexpl d®( ) Hg ' (3.4)

Puos( i) =
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Figure 3.2: Radiation pattern of a dipole antenna on the horizontal and the vertical
planes.

where b and c are constants which depend on the environmemt, is the horizontal
distance between the UAV and the ground sensor, ardis the altitude of the UAV. The
probability of the A2G link being in the NLoS state is given as: 1 P os( i). We note
that, in this model, the probability of having a LoS path for an A2G channel increases
with the increasing altitude of the aerial object. For this work, we consider two di erent
A2G environments, namely, a suburban (SU), and an urban (U), mentioned in the order
of decreasing LoS dominance.

3.5.2 Realistic 3D Dipole Antenna Pattern

In order to study the impact of the dipole antenna radiation patterns on the TOA CRLB,
we characterize the relationship between the total antenna gain experienced at tie
sensor, and the variance of the TOA measurement noise at tie sensor. Fig. 3.2(a) and
Fig. 3.2(b) demonstrate the radiation pattern of a vertically oriented (i.e. placed along
the z-axis) dipole antenna located at X;; y;; 0), in the azimuth and the elevation plane,
respectively. We note that the radiation pattern for the vertical orientation, denoted as,
G,( i; i), is omni-directional in the azimuth plane and doughnut-shaped in the elevation
plane. Conversely, when the dipole antenna is horizontally oriented (i.e. placed along the
y-axis), the resultant radiation pattern, denoted asGy( i; i), has an omni-directional
component in the vertical plane and a doughnut-shaped component in the horizontal
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plane. More speci cally,G,( i; i) and Gy( ;; ;) are described as [72]:

If : f ¢l
cos —*sin( i)  cos(=).

G )= c0s( 1) ; (3.5)
Gl )= cos(%cos(cosl(cos( i)sin( ))))
y(ii i) = sin(cos (sin( ;) cos( 1))
fcl
coste ) (3.6)

sin(cos (sin( ;) cos( i)));

wherel is the length of the dipole antenna and . is the frequency of transmission. In the
rest of the chapter we speci cally consider a half-wave dipole antenna, and thus: 5,
where = fi Is the wavelength. We refer to this description of the 3D radiation patterns
of a dipole antenna, given by (3.5) and (3.6), as the Model-1.

For a 3D single input single output (SISO) link, where the transmitter and the receiver
are each equipped with a single antenna, we consider the 4 possible antenna
orientations. In particular, we have the VV pattern, where both the transmit and the
receive antennas are oriented vertically, the HH pattern, where both the transmit and
the receive antennas are oriented horizontally, and the VH pattern, where the transmit
and the receive antennas are respectively, vertically and horizontally oriented (see
e.g. [561,52,73] for similar analysis). The transmit gairGrx ( i; i) and the receive gain,
Grx( i; i) for the dierent orientations are summarized in the left half of Table 3.1,
where the total antenna gain experienced by th&" A2G link can be obtained by the
product of the transmit and the receive gainGrx ( i; i)Grx( i; i). The reason that
we do not explicitly consider the HV antenna orientation case is because the total
antenna gain (i.e. the the product of the transmit and the receive gain
Grx ( i; i)Grx( i; i) in this case is the same as in the case of the VH orientation,
and will yield same outcomes.

3.5.3 Approximated 3D Dipole Antenna Pattern Model

In addition to the realistic dipole antenna pattern, we also introduce a simpler
approximation of the dipole antenna gain for the VV, HH and VH orientations
described in the last section, and analyze the performance gap. In particular we adopt
the the approximation of the dipole antenna gains described in [73,74]. Here the dipole
antenna gain is approximated as a sine/cosine function of the elevation angle;)
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Figure 3.3: Dierent antenna orientations at the transmitter (UAV) and the receiver
(ground sensor). The combined antenna gain is the product of transmit and receive
antenna gains across the A2G link.

Table 3.1: Transmit and receive antenna gains for the di erent antenna orientations in
Fig. 3.3 with the realistic and approximated antenna patterns.

Model-1 vV VH HH
Grx (v 1) || Gz(iv i) | G 45 1) | Gy( iy 1)
Grx( 5 i) || Gz( iy i) | Gy(iv i) | Gy( i 1)
Model-2 \YAY/ VH HH
Grx (i; i) || cos() cos( ) sin( )
Grx (i i) || cos() sin( ) sin( )

between the aerial transmitter (the UAV), and the receiver at thei" ground sensor
depending on the orientation of the transmit and receive antennas. We refer to this
description of the 3D radiation patterns of a dipole antenna, as the Model-2. Fig. 3.3(a)
and Fig. 3.3(b), respectively show the antenna radiation patterns for the VV and the
HH scenario. The VH and the HV patterns are identical in terms of the total antenna
gain, and are illustrated in Fig. 3.3(c) and Fig. 3.3(d), respectively. The total antenna
gain experienced by the thei™ A2G link can be obtained by the product of the
transmit and the receive gainGrx ( i; i)Grx( i; i), and individual gains can be
extracted from Table 3.1 for a given orientation.
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3.6 Impact of Antenna Orientations on TOA Distri-
bution

In the rst step of the localization process, we extract the time-of-arrival (TOA)
measurements from the UAV signal received by each of the ground sensors in the
network. Then the position of the target UAV is estimated based on the TDOA
observations, which in turn are obtained by calculating the di erence between the TOA
estimates measured by a pair of time synchronized sensors. In this section we
substantiate a relation between the variance of the TOA estimates and the total
antenna gains, and thereby establish the dependency of the TDOA-based localization
performance on the various antenna orientations.

3.6.1 TOA Measurements in Purely LoS Environment

We assume that each of the ground sensors in the network intercepts the UAV signal
within the time interval (0;T), where the UAV signal assumed to be transmitted for a
duration of Ts T, starting from an unknown timet, T. In presence of a purely LoS
A2G link, the signal received at thei'! sensor is given as:

ri(t) = AiS(t i)+ n(t) ; (37)

where ; is the true value of the TOA at the i'" sensor,s(t) is the unit-energy pulse
shaping signal,A; is the amplitude factor representing large scale fading, anal(t) is
the additive white Gaussian noise (AWGN) at the receiver with zero mean and spectral
density % Let 4 be the measured value of the TOA of the UAV signal at thé" ground
sensor, given as:

A= j+n; and = —+tg; (3.8)

wheren; N (0; ?)is the additive measurement noise, and c is the speed of propagation.

In the literature, the MLE estimates of the TOAs in a LoS environment, are established
as unbiased estimates with a zero-mean Gaussian noise, that achieves the CRLB. Thus
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the lower bound on the variance 2 of the TOA estimate % is given as [42, 75]:

1 k
2 == (3.9)
2 2 i i
where s the e ective UAV signal bandwidth, and ; = 2:Es js the SNR of received

No
signal at the i"" sensor, withEg representing the energy in the transmit pulse shaping

signal s(t) (i.e. Es = 1). For the broader objective of this chapter, we summarize the
impact of factors other than the SNR on the TOA measurement noise, using a
proportionality constant k. Using the antenna gains described in Table 3.1 and
following the free scale path loss model, the SNR of th& A2G link, in a purely LoS
environment, is given in terms of the total received powePrx( i; i) (i.e. Aj?):

_ Pex(Cii ) “Prx Grx (17 )Grx( 7 1) .

| 2 H
n2 nzdi

(3.10)

N

where ,2 is the variance of the thermal AWGN,Px is the transmitted signal power at
the UAV.

Next, using (3.9), the relationship between the total antenna gain, and the variance of
the TOA measurement noise at thé™ sensor is given as:

2 kodi2 .
b Grx (is )Grx( i 1)’

(3.11)

where the proportionality constantk, summarizes the impact of all the factors other than

the total antenna gain, and the 3D link distance, and is given dg, = F?TX”—ZEC; [76].

TOA Measurements with Single Antenna Techniques

Given the relationship between the total antenna gains of the A2G link and the variance
of the respective TOA measurement in (3.11), we now state the TOA variance for the
case where the UAV and each of the ground sensors is equipped with a single dipole
antenna. The variances of the TOA measurement between the UAV locatior;fy; h) and

the i sensor location X;;yi;0), in a purely LoS environment, for the VV, HH and the
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VH orientations with Model-1 are given as:

2 _ kodi2c0§( i)

W T cog(ksin ) (3.12)
_ kodi?sin?(cos *(cos( i)sin( 1))

fn = co2( k cos( ;)sin( i)) ’ (3.13)

2 - kodi? cos( i) sin(cos (cos( i)sin( ;))) . (3.14)

cos(k sin( ;))cos(k cos( i)sin( i)

These are obtained after replacing = - into (3.5) and (3.6), and computing the total
antenna gains,Gtx ( i; i)Grx( i; i), according to Model-1 in Table 3.1. Substituting
Grx (i; i)Grx( i; i)into (3.11) yields (3.12)-(3.14).

Following similar steps for Model-2 described in the second half of Table 3.1, the TOA
variances with Model-2 for antenna radiation can be calculated as:

2 kOdi 2 .2 kOdi 2 .2 kodi 2 .
"W co( ) T ™M™ sind( ) T ™ sin( i) cos( i)

(3.15)

TOA Measurements with Multiple Antenna Techniques

In order to mitigate the orientation mismatches between the transmit and the receive
antennas, we employ a multi-antenna technique at the ground receivers. This allows us
to leverage the pattern and the orientation diversity by receiving two di erent versions
of the transmitted signal via two receive antennas with two di erent orientations. Thus
we now consider a 3D multiple input single output (MISO) link, where the transmitter is
equipped with only one antenna but the receiver is equipped with two orthogonal dipole
antennas, (one oriented vertically and another oriented horizontally), and characterize
the receive gain at the™™ ground receiver, Gy v), asGv( i; i)+ jGu( i; i) [77]. Here,
each of the single dipole antenna patterns can be modeled according to the antenna
patterns described in Table 3.1. Finally for the two possible orientations of the single
dipole antenna at the UAV (either vertical (V) or horizontal (H)), there are two possible
total antenna gain patterns, denoted respectively, a8y wv and Gy ny.

Lemma 2 The variances of thei™ TOA measurements, in the cases, where the ground
sensor is equipped with two orthogonally oriented antennas, and the UAV antenna is
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either vertically or horizontally orientated, are denoted respectively ag,.,, and 2., ,
and are expressed as:

2 2y
2 — i-HH =WV ; 2 — i-vv__I-HH : (3.16)

i- H-HV 1 i- V-HV 1
( i2-HH + EVV)Z ( i%HH + EVV)2

Note that 2,, and 2, can be obtained in closed form by using.14) for the realistic
dipole antenna pattern and(3.15) for the approximated antenna pattern.

Proof: See Appendix 3.10.1.

3.6.2 TOA Measurements in a Mixed LoS/NLoS Environment

Although the TOA measurement noise in a purely LoS environment can be modelled
as a zero-mean Gaussian random variable whose variance is given by (3.9), the TOA
extraction in the NLoS situation, results in biased TOA estimates [78]. This is due to
the fact that the multipath components in a NLoS environment, travel more than the
LoS distance to reach the intended receivers. In addition, the TOA estimates in a mixed
propagation environment have higher variance, compared to the TOA variance in a purely
LoS environment, as the total path loss experienced by the UAV signal in a mixed
propagation environment (as indicated by (3.3)) is slightly higher. Thus in a mixed
propagation environment where the NLoS bias has the Gaussian distributid( p; 2),
the distribution of the TOA measurement for a given location of the UAVx = (x;y; h),
as collected by thei™ sensor located a; = (x;;Vy;;0) is given as:

8

SN(i; s 2, with Ppos(X; X;) ; (3.17)

N+ o NS 24 D) with 1 Plos(X;Xi)

where NS . and ;2 are obtained, respectively, from (3.3), (3.8) and (3.11).

3.7 Distribution of The TDOA Measurements

Having derived the distribution of the TOA measurements in the last section, we now
obtain the distribution of the associated TDOA measurements.
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%N GG NS( 24 242 2, with (1 Plos(X;Xi))(1  Pros(X;X;))
N &G tes 24 NS 24 2 - with (1 Pros(X; X)) Pros(X; Xi)
Ij %N u"‘ p; NLOS 24 LS j2+ 2, with (1 Pros(X;Xi))PLos(X;Xj)
TN OGS s 24 2y with PLos(X;Xi)PLos(X; X})

c j

(3.19)

3.7.1 Conditional Distribution of the TDOA Measurements in
a Mixed LoS/NLoS Environment

Since TDOA measurements are obtained by computing the dierence between the
respective TOA measurements, using (3.8), the true and the estimated values of a
TDOA observation, j and %, as collected by thei™ and the j" sensors can be given
as:

d

d d
C C

i = N =N N (3.18)
From (3.17) and (3.18) we note that the distribution of the TDOA measurements depend
on the particular propagation states (i.e.Sx; and Sy;) of the two associated A2G links,

and describe the TDOA distribution in the following lemma.

Lemma 3 Under a mixed LoS/NLoS environment, where the NLoS biasehg at all
sensors are independent and identically distributed (i.i.d) according to the Gaussian
distribution: b N ( p; 2), for 1 i N, the conditional distribution of a single
TDOA measurement for a given UAV locationx = (X;y;h), collected by thé™ and the
j™ sensors, while in the propagation stateS.; and Sa;, respectively, is given in(3.21).

Proof: See Appendix 3.10.2.

In this paper, we choose the 1 sensor, as shown in Fig. 3.1, as the reference sensor, and
subtract the TOA measurement, 1, from all other TOA measurementsf /g for 2 i

N. Thus, we obtain the TDOA measurement vectoz = [*15; M3iMn] 2 RN D 1 Due

to having a common reference sensor, the TDOA measurements are not independent,
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(i)= M b In(San)  In(Sajiv1) (3.22)

S 1 IN(Sa) £t 1 In(Sairn) B =]

8
% 5 In(San) + In(Saier) + N° In(San) 2+ In(Saie1) P
R(i;j) = §

2In(Sa1) + NS IN(San) 2 LS 1 In(San) % i 6]
(3.23)

and the dependence is modeled through the covariance matRx(x) 2 RN D (N e
also note that the distribution of z is also dependent on the propagation states of all the

sensord Saigfor1 i N. For the ease of explanation we de ne &l -element random
vector S : !'f LoSNLog", whereS(i) = Sai, for 1 i N. The joint probability
mass function (PMF) of the random vectorS is given as:
Y
P(S =s)= PLos(X; Xi)
i:s(i{? LoS
(1 Pros(X;X;)) ; (3.20)
j:s(j)= NLoS

where P os(X; X;) is obtained from (3.4). Next we de ne an indicator random variable,

In: !'f 0;1g, associated with the occurrence of the NLoS state as:
8
<1; if Say = NLoS
In(Sai) = _ : (3.21)
: O, if SA;i = LoS

In other words, the indicator random variable has a value 1 if the NLoS event occurs and
has value 0 otherwise.

Lemma 4 For a given realization ofS = s, the conditional distribution of the TDOA
measurement vector,z, has a joint-Gaussian distributionz N ( (X;s);R (X;s)),
where thei" element of the mean vector (x;s) 2 RN D 1 namely (i) and the(k;j)-
element of the co-variance matrbR (x;s) 2 RN 1 (N D namelyR(k;j) are given in
(3.22) and (3.23), respectively fork i (N 1)andl | (N 1).
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Proof: See Appendix 3.10.3.

Lemma 5 The marginal probability density function,p(zjx), of the jointly-Gaussian
distributed TDOA measurement vectorz = ["12; ™3N], for a given UAV location
(x;y; h) can be computed as:

X
p(zix) = P(S = s)p(zjx;s) ;
s2f LoS;NLoSgN
o 3 )R sz (xis)

"2 R (X;9)]

p(zjx;s) = (3.24)

where the probability valueP(S = s), is obtained from (3.20) and (x;s) and R (X;s)
are formed using(3.22) and (3.23), respectively.

roof: From R (3.24) and (3.20),
v 1P(zjx) dz = sP(S =5) v 1P(zjx;§) dz :_1'1- and therefore the likelihood
function also satis es the regularity condition:E %‘;‘X) =0,forl | 3.

3.8 TDOA-Based Localization and CRLB

In this section we formulate the TDOA-based MLE estimator for the 3D localization.
Given (3.22) and (3.23), we realize that the likelihood function for the TDOA
measurement vector,z, is a function of the UAV location x = (x;y;h) and the ML
estimate ofx is given as:

R = max p(zjx) (3.25)

The relationship between the mean square error (MSE) and the Fisher information matrix
(FIM), 14 can be given as [75]:

E(xy;h) tracel *(x;y;h)]; (3.26)

where the inverse of the FIM is the CRLB on the covariance matrix of the location
estimates given asty |, 1 0. Next we provide the expressions for each element of
the FIM, across various scenarios discussed in this paper.
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Theorem 8 For a network of N synchronized ground sensors located in a mixed
LoS/NLoS environment, the(i;j ) element of the FIM, forl 1i;j 3, is given as:

1  @fzjx) @ezjx)
P (zjx) @x @x

lj = Ez

(3.27)

where the partial derivative of the conditional density functionp(zjx) with respect to
each location coordinatex; is given in (3.29), where #5=°) the partial derivative of the
joint probability of the N FTs being in LoS/NLoS states,P(S = s), with respect tox; is

given as:

@s=s) _ X P(S=5S) @Los(X;Xm)

@x mis(my= Lo Los(XiXm) - @X
n:s(n)= NLoS 1 PLOS(X ' X n) @X
where PLei2n) = ¢Pog(x X m )L Plos(XiXm)) gy -, and ¢’= 250

Proof: See Appendix 3.10.4. From (3.27), we see that computing the required FIM
elements involves working with the conditional pdfp(zjx;s) for a given realization of
the random vector S = s. Thus, we approximate the true expectation in (3.27) by
generating a large number of samples of the random vectar, using the respective
distributions given in (3.22), (3.23), for each possible realization &, out of all the 2V
cases mentioned in (3.20). Finally, we take the average of all the values of the term
pz(;jx) @gi") @ga"(x), using (3.28) and (3.29), for all the said samples af. The general
expressions for the elements of the FIM for the special case of a purely LoS

environment, is presented as a corollary (corollary 1) to Theorem 8.

Corollary 1 In a purely LoS environment, the(i;j ) element of the FIM [75], forl
i;j 3, is given in (3.30). This follows from noticingp(zjx) = p(zjx;s), wheres(k) =
LoSforl k N.

Next we derive the elements of the FIM for the various antenna patterns in a purely LoS

environment. Since the mean vector of the TDOA measurement(x) does not change
2
with varying antenna patterns, we only provide the expressions fe%(, for an arbitrary |
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Q@fEjx) _ o @S=s) 1, P 1y . o @R (X;S)
@x S p(zjx;s) —ax 2P(S s) jR(x;s)jTr R (x,s)—@x

X :

S P(S = s)p(zjx;s) %);’S)R Y(x;8) 2 (x;s)

1X B - L T@R (x;s) . :

> S P(S=s)p(zjx;s) z (x;9) —ax z (x;8) (3.29)
= @p ( )T, 1 1 ROV o 1 \EROX)
L a@x 2trace R “(x) @x X)———= @x ; (3.30)

whereforl m (N 1)andl m (N 1),

CHORES- LT _@:, 0k @, .0}

c @x @x ' @x @x @x = @x X
(3.31)
2
(@ j 3),forthe three di erent antenna orientations, namely,—t~- évxv , @é;“ , and évx“ :
as this is su cient to compute the ¢ term using (3.31). Slnceé—v;, can be decomposed

in terms of @VXV and “;(” in the corollarles below, we provide the relationship between

2 2 @? : 2 -
@évx“ , @éj(V and ’:‘(“ and the expression fon@é;vf, for the two cases: the realistic half-

wave dipole antenna pattern and the approximated dipole antenna pattern. In the case

of the VV antenna orientation, for1 i N and1l | 3, the term @@')V; can be
expressed in terms 0*@5(2)? and CJ@;H as:
i2-VH — 1‘ i-HH @|2W + (%Y @IHH (332)
@X 2 Evv @X EHH @X
Corollary 2 For a half-wave dipole antenna pattern,and i N andl | 3, the
term % IS given as:
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@2, _2(x x) 1 kd; *hri®tan( )

@x cog( ) ;
22y y) 1 kdichri2tan( )
@y cog( ) ’
@2, _ 2kd; 3*tan( )
e = o8 () : (3.33)
where = 4 and the term% is given as:
@2, _2(x x) 1 kdi >3y w) i(xshtan
@x cog ’
@2, 2h 1 kd;® (x;h)(y y)tan
@h cog
@2, _ 2kd; 3( i(x;h))’tan
o = (CO(§ )tan . (3.34)

where = YY) and (x;h)=(x x)?+ h%
Proof: See Appendix 3.10.5.

Corollary 3 In the case of the approximated antenna patterns, the expressions%;%,
withl i Nandl | 3, are given as:

@EHH 4k(X Xi)di2 .

@x h2
@EHH — 4k(y yi)diz.

@y h? ’

2 2 4
—@éHr: =2k % i—3 ; (3.35)

2 .
whereas the@@')-—g(V terms are given as:

2 4khd?
@h d? h2’
@iz-vv —

ay 2k(y yi) i(xy;h);
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@iz—vv —_ - . .
o = 2K X)) GGyihy | (3.36)

where i(x;y;h) = d? P d—?% :

Proof: See Appendix 3.10.5.

In the next corollary we compute the terms necessary for obtaining the FIM elements in
the case of a multi-antenna sensor network in a purely LoS environment.

Corollary 4 The FIM elements for the V-HV and the H-HV patterns for the multi-
antenna acquisition technique, are obtained in terms (%i% and @@5;'(“ ,withl i N
andl | 3, are given as:

2 1 2 H 2 4 2
i,V-HV - = 1 + -V i-VV + [RYAY i-HH ( IJ ) :
@?( 2 i?HH @?( i?HH + i?W
1
@2, 1 2 2 2 4. 2 .
I e l+ i-HH i-HH + i-HH i-VV |; : 337
ox "2 'Ta, ey v g D (857

4 @Fy + 4 @fy

Where ( IJ ) = i-HH @a( i-vv @a( )

Proof: See Appendix 3.10.6.

3.9 Numerical Results

In this section, we present numerical results that illustrate the impact of the various
antenna orientations on the performance of the TDOA-based localization scheme for the
dipole antenna models in Table 3.1. All the plots in this sections are drawn using the
CRLB expressions derived in Section 3.8.

3.9.1 System Assumptions and Parameters

We consider an area of size 1000000 n¥ with 4 RF sensors placed at the following 2D
coordinates: x; = (250;250)m, x, = ( 250250)m, x3 = ( 250 250)m, and
X4 =(250; 250)m. We also assume that the bandwidth and the transmit power of the
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UAV are 10 MHz and 20 dBm, respectively [3,41], and that the noise power spectral
density (PSD) is 174 dBm/Hz [79]. In order to demonstrate the dierence in the
localization performance caused by a mixed LoS/NLoS A2G channel as compared to a
purely LoS channel, we plot the localization error in a suburban and an urban
environment, where the two A2G channels are characterized by (3.3) and (3.4), with
the following set of parameters: &; ) = (4 :88,0:429), ( '°S; N°$)=(0:1;21) dB for the
suburban setting, and @;b)=(9:61170:1581), ( -°S; NL°S)=(1;20) dB for the urban
setting [25]. Lastly, for the results related to the Model-1 antenna pattern, we consider
a half-wave dipole antenna, wheré= .

(a) Model-1. (b) Model-2. (c) Model-1 and Model-2.

(d) Model-1. (e) Model-2. (f) Model-1 and Model-2.

Figure 3.4: CRLB RMSE distribution for single receive antenna for VV, VH, and HH
orientations of the two antenna patterns (Model-1 and Model-2) at UAV altitudes of
(a-c) 10 meters, and (d-f) 100 meters.
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(a) Model-1. (b) Model-2. (c) Model-1 and Model-2.

(d) Model-1. (e) Model-2. (f) Model-1 and Model-2.

Figure 3.5: CRLB RMSE distribution for single receive antenna for VV, VH, and HH
orientations of the two antenna patterns (Model-1 and Model-2) at UAV altitudes of
(a-c) 500 meters, and (d-f) 700 meters.

Finally we construct the marginal probability density function, p(zjx), of the jointly-
Gaussian distributed TDOA measurement vectoz = ["12; 3; ™4] USINg (3.24), for a
given UAV location (x;y;h). Following (?7?), the location estimate ®, of the unknown
UAV location is then obtained by maximizing nonlinear likelihood function with help
of a method of gradient descent [80]. Since the likelihood function is highly nonlinear
and complicated, we nd the best approximation to the solution by randomly choosing
an initial solution and then performing a xed large number (5000) of iterations of the
gradient descent method. We repeat the same process of simulation for the di erent
altitudes and antenna patterns to produce the results on the localization errgfx  Rjjgrs,

as presented in Fig. 3.4, Fig. 3.5, Fig. 3.8, and Fig. 3.9.
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3.9.2 Single Antenna Localization in LoS Channel

In Fig. 3.4 and Fig. 3.5, we characterize the theoretical and simulated localization
performance provided by the dierent SISO antenna orientations (i.e. VV, VH, and
HH) in a purely LoS environment, across various UAV altitudes ranging from 10 meters
to 700 meters. While the rst two columns in each row of Fig. 3.4, and Fig. 3.5,
describe the localization CRLB and the gradient-descent based localization error for
Model-1 and Model-2, respectively, the third column depicts the agreement between the
two antenna pattern models at the low localization error region.

As demonstrated by Fig. 3.4(a), we observe that at very low UAV altitudes, such as
10 meters, the CDF for the VV (Model-1) pattern lies above the VH and HH patterns
(for Model-1), for all values of the localization RMSE, . This implies that, at the very
low altitudes, the best localization coverage Pr(RMSE ), for the Model-1 pattern, is
provided by the VV pattern, followed by the VH and the HH patterns. On the contrary
the curves in Fig. 3.4(b), show us that, although the VV orientation among the Model-
2 antenna patterns achieves the highest coverage probability subject to very low error
tolerances (such as 10 m), the best coverage probability for relatively higher error
tolerances (10 m), is provided by the Model-2 VV pattern. From Fig. 3.4(c), we also
note that at very low altitudes the Model-2 antenna patterns nd the best agreement
with the Model-1 antenna patterns, for the VV orientation but there is a non-negligible
performance gap between the two models for the VH and the HH orientations.

Next, from Fig. 3.4(d) and Fig. 3.4(e), we observe that for medium UAV altitudes of
about 100 meters, the VV orientation yields the highest area coverage probability subject
to all values of the RMSE threshold, followed by the VH and the HH orientations, for
both the Model-1, and Model-2 antenna patterns. In addition, from Fig. 3.4(f), we note
that, at medium altitudes there is a strong agreement between Model-1, and Model-2
with respect to the VV orientation, followed by the VH and the HH orientation. On the
contrary, Fig. 3.5(a) through Fig. 3.5(c), illustrate that, at an altitude of 500 meters, the
CDF curves for all the orientations almost overlap with each other, for both Model-1,
and Model-2.

Most interestingly, from Fig. 3.5(d), and Fig. 3.5(e), we see that, at an even higher altitude
of 700 meters, the HH orientation yields the highest coverage probability, followed by the
VH and the VV orientations, for both Model-1, and Model-2. This particular result lies

in complete contrast with our earlier observation for the lower altitudes of 10 meters, and
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(a) Antenna pattern: Model-1. (b) Antenna pattern: Model-2.

Figure 3.6: Median RMSE as functions of UAV altitude for the various orientations
(VV, VH and HH) of (a) realistic, and (b) approximated dipole antenna pattern.

100 meters, where the highest and the lowest coverage probability was produced by the
VV and the HH orientation, respectively. Finally, we observe that the CRLBs provide a
reasonably tight lower bound on the localization errors produced by the gradient descent-
based location estimators (simulation results) across all antenna orientations and all drone
altitudes.

Having realized how the performance of the di erent orientations changes with the UAV
altitude, we plot the median RMSE as a function of the UAV altitude for both the Model-

1 and Model-2 antenna patterns, respectively, in Fig. 3.6(a) and Fig. 3.6(b). The curves
in Fig. 3.6 illustrate that the localization accuracy for both the Model-1 and Model-2
antenna pattern change in a non-monotonic pattern with respect to the UAV altitude, and
that there exist respective critical heights where the corresponding median RMSE for the
given antenna orientation is minimized. We also see that there exist points of intersection
between the RMSE curves for the various antenna orientations, and the abscissa of the
points of intersection of all the 3 curves gives us the crossover height beyond which the
choice of the best antenna orientation changes. For example, Fig. 3.6(a), and Fig. 3.6(b)
illustrate that the crossover altitude is, respectively, 425 meters, and 475 meters, for
Model-1, and Model-2, below which the lowest median RMSE is obtained from the VV
orientation, but beyond it, the best accuracy is achieved by the "HH' orientation.
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(a) UAV height: 10 meters. (b) UAV height: 100 meters.

(c) UAV height: 500 meters. (d) UAV height: 700 meters.

Figure 3.7: CRLB RMSE distribution for single and multiple dipole receive antennas
with VV and HH orientations at UAV altitudes of (a) 10 meters, (b) 100 meters, (c) 500
meters, and (d) 700 meters.

3.9.3 Multi Antenna Localization in LoS Channel

Next in Fig. 3.7, we demonstrate the improved robustness of the multi-antenna signal
acquisition technique (described in Sectior??), to the mismatches in the antenna
orientations arising from the single antenna techniques. Unlike the plots in the earlier
gures, all the plots in Fig. 3.7 and on-wards discuss the localization performance only
for the Model-1 antenna pattern, and does not include the curves corresponding to the
Model-2 patterns. In particular, in Fig. 3.7, we consider Model-1 antenna pattern and
compare the CDFs of the CRLB RMSE for the SISO (VV and HH) orientations, to the
MISO orientations (V-HV and H-HV).
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(a) UAV height: 10 meters. (b) UAV height: 100 meters.

(c) UAV height: 500 meters. (d) UAV height: 700 meters.

Figure 3.8: Impact of LoS/NLoS A2G link on CRLB RMSE Distribution for MISO
receive antenna patterns at UAV altitudes of (a) 10 meters. (b) 100 meters, (c) 500
meters, and (b) 700 meters.

First of all we note that at all altitudes, the V-HV and the H-HV patterns yield higher
coverage probability subject to all RMSE tolerance, m, as compared to the VV and
the HH orientations, respectively. Next, from Fig. 3.7(b) and Fig. 3.7(c) we see that the
red curves almost overlap with the corresponding black curves, which in turn indicates
that at the medium altitudes (i.e. between 100 meters to 500 meters) the gain in the
accuracy is very small for both the MISO orientations. On the other hand Fig. 3.7(a)
and Fig. 3.7(d) show us that at very low and very high altitudes (such as 10 meters
and 700 meters), there is moderate to major gain due to using MISO orientations. In
particular, from Fig. 3.7(a), we see that at very low altitudes, the MISO scheme has a
considerable gain over the SISO scheme, HH, but only a marginal gain over VV. On the
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@0m h 700 m. (b) 200m h 600 m..

Figure 3.9: Median RMSE as a function of UAV altitude under mixed LoS/NLoS condi-
tions, for MISO antenna patterns at various altitude ranges: (&) Om h 700 m, and
(b) 200m h 600 m.

contrary, Fig. 3.7(d) shows us that at very high altitudes, the MISO localization gain is
high over the VV orientation, but small over the HH orientation.

3.9.4 Localization Performance in Mixed LoS/NLoS
Environment

Due to the introduction of a positive bias, the localization in a mixed LoS/NLoS
environment always experiences a performance loss, regardless of the antenna
orientation in question. Therefore we choose to characterize the impact of the
LoS/NLoS propagation, using a MISO orientation that provides an upper bound on all
other antenna orientations, discussed in this paper. In particular, in Fig. 3.8, we plot
the CDFs of the H-HV CRLB-RMSE, across various altitudes, in a suburban and an
urban environment.

As illustrated by Fig. 3.8(a) and Fig. 3.8(b), we note that, for lower to moderately
high UAV altitudes, the localization errors in the suburban environment is lower than
that in the urban environment. Moreover, while at very low altitudes, there is only a
minor increase in the localization error in an urban environment, at medium altitudes
the localization in an urban environment undergoes a severe performance loss. Next,
contrary to the common intuition, Fig. 3.8(c) and Fig. 3.8(d), reveal that at very high
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altitudes, the performance in the urban environment is better than that in the suburban
environments.

This is because, at a very high altitude, the probability of LoS propagation in the
suburban environment is very close to one, but the probability of LoS in the urban
environment still keeps growing larger with the increasing UAV altitude. Thus, while
the TOA measurements in the suburban environment are almost bias free at such
altitudes, the average bias in the TOA measurement in the urban environment keeps
decreasing with the increasing altitude. Therefore, at a very high altitude, the
likelihood of the TDOA measurements in the urban environment is more sensitive to
the changes in the X;y; z) coordinates, resulting in higher accuracy of the localization
estimates. Simultaneously at such a high altitude, the SNR of the UAV signal is very
low in both suburban and urban environments, and thus the variance of the LoS error
in the TOA measurements is very high in both environments and not very sensitive to
the changes in the environment anymore.

Finally we note that the line curves in all the plots in Fig. 3.8, lies below the respective
black and red curves with the markers, and closely follows them. This implies that the
MISO CRLB provides a tight lower bound to the localization error of the gradient-descent
based location estimator, across both the suburban and the urban environments, across
all altitudes.

Next, in Fig. 3.9, we compare the dependence of the localization accuracy on the UAV
altitude under di erent degrees of LoS dominance. From, Fig. 3.9(a) we note that the
median RMSE changes in nhon-monotonic pattern, with respect to the UAV altitude, in
both the suburban and the urban environment, and that the critical altitude (where the
median localization error is minimized), in an urban environment (around 300 meters)
is higher than that in a suburban environment (around 100 meters). In order to improve
the resolution of the plot in Fig. 3.9(a), we plot the median RMSE against a shorter range
of the UAV altitude, in Fig. 3.9(b). This allows us to note that the crossover altitude,
where the localization error in the suburban environment increases beyond that in the
urban environment is noted to be around 450 meters.
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3.10 Appendix

3.10.1 TDOA Variance for Multi-Antenna Techniques

The total gain for the H-HV and the V-HV case are:

q —
Grx Grx = jiGy(G; + [Gy)j = Gy Gy2 + G,%;
q

Grx Grx = JG2(G, + [Gy)j = G, Gy2 + G2 (3.38)
Substituting G,? = kod' and G,2 = "0"' from (3.14) and (3.15) into (3.38), we get:

2 2
2 P kOdI _ i-HH i-vwv
i-H-HY Iy ———= 1

Gy G2+ G2 (fut 2W)°

2 2
2 _ A kodl _ i-wv i-HH
i-v-HY -

2 2 N3
G, G2+ G,* (fwm™t i)’

which are the same as the expressions stated in (3.16).

3.10.2 Distribution of a Single TDOA Measurement

Case 1 (Sa;i = NLoS Su; = NL0S: Using (3.4), the probability of having both St and
Sq in the NLoS states are given as:
P(Sai = NLOS Sy = NLo§ = (1 Pros(X;Xi)) (1 Pros(X;X;j)) : Since, { and *} are
independent, using (3.17) the distribution of the TDOA measurement;*= * /) is
given as: % N 5 NoS(C 2+ ?2)+2 7, with a probability that can be
calculated asP (Sa; = NLoS Saj = NLoS. The distribution for the other 3 cases listed
below can be obtained similarly.

Case 2 (Sa; = LoS Suj = NLoS:

AN 2 AN

. . NLoS 24 2
it b it b

Case 3 (Sa; = NLoS S, = LoS:

. NLoS 24 2 . . LoS 2
"Nt b 5 0 Y N i

Case 4 (Sa; = LoS Sy = Lo9:
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3.10.3 Conditional Distribution of TDOA Measurements

From (3.17) and (3.21), the distribution of 4, for a given link state, Sa;, is stated as:

EMiSail= i+ bIn(Sai) s
E A%iSai (E[NiSai)?= "5 31 1n(Sa)

+( NS 2 DIN(Sa)

The mean and variance of a TDOA measurementy;? given the states,Sy; and Sa.; are:

(1) = E[™jf Saj1; Saiidl = E[™)Sai]l  E[N)Sa;l

d G-

) ElJ’ In(Sai1) b oINS b
d;  dis

- M+ b IN(Sa1)  In(Sair1)

c

which is the same as (3.22).

R(i;i)=E % (E[™])’

=E (™ N (Bl ENM)?

= E NS (E[MSaa))® E “iSai  (E[MiSail)?
S 21 IN(Sa)) +( N 2+ D)In(San)

LS 2L In(Sa))( NS 2+ D)

+

kz) IN(Sai1) + In(Saii+1)

+

NEOS 10 (Sain) 2+ In(Sair1) Bq

LoS 1 1 N(SA;l) % + 1 | N(SA:i+ l) i2+1

+
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Forié j,

R(i;j ) = E[™i™if Sa:1; Saii; Sayd]

E[™iJf Sa1s SaigIE["y Jf Sait; Sajdl
= E[("JSa1 NiSai) (MSan YiSay)]
(E[™San]l  EMISaD(EM™ySaa]l  E[MiSa;])
E iSxi (E[Saa))®

SIn(San) + N In(Saun) 2

+ 5 1 In(Sa:1) % ;

which are same as the expressions given in (3.23).
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3.10.4 FIM in Mixed LoS/NL0oS Environment

We de ne the following:
908 = Sz )R M9 (9) ;

to rewrite (3.24) asp(zjx;s) = @% Thus we get:

@ijX;S) _ JR (X;9)] exp( g(x;s)) s @gx s)
@x B r'2—
2]R (X S)J 2 exp( g(X S)) @R (X ;S)j

Iu_

2
ZJR (X; S)j - @R(X s 4 @QX s) e 9(xis)

"2 JR(X S)J

1GR(X;8)] | @¢x;s)
@x @x

_ D (- e i L @RT(X;9)

= — 5 JR{Ks))FTr R l(x,s)W
p(zjx:s) @(z x;s)TR t(x;s)(z  (x;9))

2 @x

= —p(zjx;s)jR(x;s)j%Tr R *(x;s)

2
p(zjx;s) %

|O(ZJ;<;S)Z (X;S)T%Z (x;s) (3.39)

p(zjx;s) JR(X s)j ?

p(zjx;s)

@RT(x;s)
@x

R (x;s) z (x;s)

+

Next we compute@(S S) as an explicit function of the marginal pdfp(zjx;s), in (3.40).

Substituting (3.39) and (3.40), into
GBE) = © p(zjx;s) BE2D+ 1 (P(S = 5) 2K we obtain (3.29). Finally, de ning
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Q !
@’(S=S): Y (1 PLs(x:xn)) X @Los(X;Xm)  s(k)= Los PLos(X; Xk)

@x s(n)= NLoS s(m)= LoS @x PLos(X; le )
Y . X @Los(X;Xn)  st=nros (1 Pros(X;X«))
Plos (iXm) @ 1 Pros(X:Xn)
s(m)= LoS s(n)= NLoS X LoS\A ;s An
v Y X X ;X 1
=@ Pus(ixa) | Plstxixe) Puustixn)
s(n)= NLoS s(k)= LoS s(m)= LoS X Los(X; Xm
Y Y X @ Los(X; X 1
PLOS (X;Xm ) (1 PLOS(X;XK)) LOS@(@ n) 1 p (X.X )
s(m)= Los s(k)= NLoS s(n)= NLoS X Los (X Xn
_ X P(S =s) @wos(X;Xm) X P(S=5) @pos(X;Xn)
m:s(m)= LoS PLOS(X » Xm ) @x n:s(n)= NLoS 1 PLOS(X 1 Xn ) @X
(3.40)
f(x)= —8%tan ! ﬁ , we rewrite (3.4) asPos(X;Xm) = m and obtain:
@ Los(X; Xm) _ ad ) @f(x) _ 180ab
@x (1+ ad )2 @x (1 + ae ()
1 rm> @ h

1+aefx)  r 2+ h2@x rm(x)

3.10.5 Single Antenna FIM

Using (3.1), (3.2), and (3.14) we get: 2, = r;?cos 2( );and 2, = i(x;h)cos?():

Di erentiating these with respect to x, we get the terms@g'; and % in (3.32).
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3.10.6 Multi Antenna FIM

Di erentiating the rst equation in (3.16), we get:

2 2 2 2 2
i-V-HV — i-V-HV i-HH I-V-HV i-wv
2 2
@x @i-HH @x @I-W @x
2 .
— 1 i-HH + I-HH
1 3

. 2 2 7 @X . 2 2 3

2 I-HH i-HH + i-vv 2 I-HH i-HH + i-vv

_4@EHH+ '4@i%vv
i-HH @x i-vv @x

Simple algebraic manipulation yields the rst equation in (3.37), and the second can be
obtained similarly.
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Chapter 4

Wireless Connectivity and
Localization for Advanced Air
Mobility Services

4.1 Research Outcomes

{ P. Sinha , M. M. U. Chowdhury and I. Gaverc, David W. Matolak, and
Kamesh Namuduri \Wireless Connectivity and Localization for Advanced Air
Mobility Services," under review inlEEE Aerosp. Electron. Syst. Magz. Feb.
2022.

4.2 Summary

By serving as an analog to tra c signal lights, communication signaling for drone to
drone communications holds the key to the success of advanced air mobility (AAM) in
both urban and rural settings. Deployment of AAM applications such as air taxis and
air ambulances, especially at large-scale, requires a reliable channel for a point-to-point
and broadcast communication between two or more aircraft. Achieving such high
reliability, in a highly mobile environment, requires communication systems designed
for agility and e ciency. This chapter presents the foundations for establishing and
maintaining a reliable communication channel among multiple aircraft in unigue AAM
settings. Subsequently, it presents concepts and results on wireless coverage and
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mobility for AAM services using cellular networks as a ground network infrastructure.

Finally, we analyze the wireless localization performance at 3D AAM corridors when
cellular networks are utilized, considering di erent corridor heights and base station

densities. We highlight future research directions and open problems to improve
wireless coverage and localization throughout the manuscript.

4.3 Introduction

Unmanned aircraft systems (UAS) deployed for commercial applications such as air
taxis and air ambulances are expected y between 1000 feet to 2000 feet above ground
level. Supporting such UAS applications requires dedicated air corridors for safe and

e cient operations of aerial vehicles. To this end, the National Aeronautics and Space
Administration (NASA) has been recently working on the advanced air mobility
(AAM) mission, which will \help emerging aviation markets to safely develop an air
transportation system that moves people and cargo between places previously not served
or underserved by aviation"[81].

Successful design and operation of the AAM services require reliable air-to-air (AA)
and air-to-ground (AG) wireless connectivity in air corridors. Cellular networks, due
to their widely deployed base station (BS) infrastructure, are the prime candidates for
providing wireless connectivity services to aerial vehicles (AVs) [82]. However, cellular
networks are not originally designed for serving aerial mobile equipment. For example,
their antennas are down-tilted to provide optimum coverage to mobile equipment on the
ground, and aerial coverage, especially at high altitudes, can be unreliable and patchy [83,
84]. Moreover, there can be signi cant interference from the aerial mobile equipment
to the uplink transmissions of cellular users on the ground, as the AVs tend to have
line-of-sight (LOS) with a large number of cellular base stations operating in the same
spectrum [85, 86]. Therefore, use of cellular networks for AAM services require careful
design and optimization for maintaining reliable air corridor coverage while not also
disrupting existing services.

Although UAS will communicate over AG links for multiple purposes, AA links will
also be required for several functions [87]. For example, during close encounters near
air corridor intersections, AVs may need to negotiate their maneuvers through sharing
their intent with one another. Such information exchange in real-time requires a reliable
communication channel between the two aircraft involved in the negotiation. The AVs will
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also need reliable AA links for surveillance purpose, e.g. for detect-and-avoid (DAA) of
nearby AVSs, to ensure safety of ight. Other applications for AA links include information
relay (e.g., one drone informing others of airspace status), sharing common mission data,
and emergency communications in case one or more AG links incurs an outage.

Finally, for ensuring safe and secure AAM operations, knowing the locations of AVs

carries critical importance. Use of the global positioning services (GPS) technology is
commonly used by the AV itself and the corresponding AV location is reported over the

AG links. However, there may be cases where GPS location estimate is not reliable, or
not even available, e.g. due to propagation e ects in urban canyons, radio frequency
interference (RFI), jamming, or failure of GPS equipment itself [88], which can cause

serious threats for safe AAM operations. Cellular networks, while providing wireless

coverage at air corridors, can also be simultaneously utilized for localizing and tracking
the AVs, in cases where GPS information is not reliable or available.

Considering all these challenges, this chapter outlines the current status and future
directions in providing reliable wireless connectivity and localization for AVs to operate
safely in air corridors. First, in Section Il, we present the concept of air corridors and
the rules of engagement for AVs ying in air corridors. In Section Ill, we analyze
wireless coverage for AAM services when a cellular ground infrastructure is used. Both
down-tilted (legacy) and up-tilted antennas are considered at the cellular BSs, while
considering di erent corridor heights and BS densities. Section IV studies the mobility
and handover characteristics of AVs when they travel across a terrestrial network. In
Section V, localization accuracy of a cellular network is evaluated when the BSs and
the AV use multiple antennas to improve accuracy. Finally, Section VI concludes the
chapter.

4.4 Overview of Air Corridor Concept

Air corridors will be an integral part of AAM infrastructures. This chapter assumes the
use of a three dimensional air corridor model as in Fig. 4.1, in which the airspace is
divided into two layers throughout the airspace, except at intersections. The top layer of
the air corridor accommodates southbound and northbound tra ¢ whereas the bottom
layer accommodates eastbound and westbound tra c. At intersections, there is also a
middle layer which is used by the vehicles for hovering when changing directions. Each
layer may accommodate more than one lane (also called skylanes). We also point out that
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Figure 4.1: Vehicle to vehicle communications for safe navigation in AAM corridors
[Courtesy, Keven Gambold].

{just as in current civil aviation with on-board pilots { the actual position of these lanes
may change if needs arise, due to tra ¢ density, natural events, among other possible
reasons.

4.4.1 Rules of Engagement

We consider the following rules of engagement between AVs that use the air corridors.

1. 3D space is organized into uniformly spaced 3D rectangular prisms. At any
given time, a speci ed minimal volume within each prism can be occupied by
only one vehicle. The dimensions of each prism also depend on safety guidelines
and vehicle class.

2. A vehicle needs to make sure that the prism it is entering at timet ¢ 1) is
going to be empty at time ¢ + 1). Emptiness must be quantitatively de ned
for given airspace locations/uses.

3. Overtaking (passing) is not expected to occur in air corridors. If one vehicle
slows down, the vehicles behind the slow vehicle also need to slow down.

4. Vehicles must keep a minimum safety distance (SD) among them.

Enforcing these rules of engagement requires reliable vehicle-to-vehicle links,as will be
discussed next.
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Figure 4.2: Roundabouts in AAM corridors and V2V connectivity for vehicle coordina-
tion [Courtesy, Keven Gambold].

4.4.2 The Need for Vehicle to Vehicle Communications

Assume that normal ight operations are taking place in air corridors. Three vehicles A,
B, and C are ying in the same direction within a track (or skylane), maintaining the
minimum SD among them. Suddenly, vehicle A detects an obstacle (a dense cloud, for
example, as shown in Fig. 4.2) and slows down or stops and hovers. As it may not be
able to move further, vehicle A needs to share the information that it gathered about
the airspace hazard with the vehicles (B and C) behind it, as well as with the ground
control station (GCS); it may next need to seek a possible opening of an emergency lane.
This use case scenario includes a combination of DAA movements and Vehicle to Vehicle
Communications (V2V), here, AA communications.

Another situation that requires V2V communications is at intersections. An intersection
can be three dimensional as shown in Fig. 4.1, or 2-dimensional as shown in Fig. 4.3,
which depicts a circular intersection or a roundabout. Vehicles making turns at such
roundabouts need to plan their 2D or 3D trajectories and maintain minimum SD among
them. Tactical decon iction in such close encounters requires direct V2V communications,
in addition to potentially other means of communications, including satellite or ground-
based communications; these latter approaches may not meet the latency requirements.
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4.4.3 Future Research Directions

The concept of AAM corridors is still evolving. AAM corridors are expected to support
vehicles of many classes. Reliable wireless connectivity in air corridors is a requirement for
sharing situational awareness among the vehicles in real-time. In some regions, manned
vehicles may need to cross AAM corridors. Hence, there is a need to design common
communication strategies for both manned and unmanned AVs. E ective application of
the V2V technology developed for 5G wireless services [89] needs to be further studied
and evaluated in AAM air corridor scenarios.

4.5 Wireless Coverage for Aerial Vehicles

The AAM services will require diverse requirements such as seamless connectivity, high
reliability, low latency, and continuous (high-availability) coverage across the drone
corridors. In this section, after reviewing candidate wireless technologies for
maintaining wireless connectivity for AAM, we study the use of cellular technology for
providing wireless coverage at air corridors.

4.5.1 Communication Technologies for Safe and Reliable UAS

The UAS ying autonomously through the drone corridors are required to maintain
reliable and seamless command and control (C&C) communication in the downlink
with the deployment authority. Apart from this, the data rate and latency requirements
for the AVs could vary depending on the UAS application and associated telemetry
tra c [90]. For instance, the data rate required will be relatively high for a live video
stream via a UAV ying in the beyond visual line of sight (BVLOS) scenario.
According to the Third Generation Partnership Project (3GPP), the reliability
requirement of C&C links is greater than 999% and the latency requirement can vary
between 50 100 ms [91]. Such stringent requirements could be met by several
candidate technologies such as cellular networks or other dedicated terrestrial-based
networks, satellite communication (satcom), quasi-stationary high altitude platforms
(HAPs), or by combining two or more of these technologies [90]. For satcom, several
issues arise, including costly infrastructure and hardware, latency, and for low- or
medium earth orbit (LEO, MEO) systems, high Doppler shifts and rates. For LEO
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systems, fast beam tracking for connecting between multiple low earth orbit satellites is
needed [92]. Tracking with HAPS should be easier than with LEO/MEO satcom
systems, but imperfect HAPs station-keeping can still shift antenna main beams from
the intended direction, and hence, robust HAPS beam tracking will also be required to
serve dynamic UAS.

4.6 Air-to-Air Communication

As noted earlier, for the safe and e cient implementation of UAS in the drone corridors,
AA communication will play a critical role. The AVs in the UAS will need to interconnect
with each other, and this will yield a special kind of mobile ad-hoc network where the
movements of the AVs are largely predictable [90]. This kind of direct communication
between AVs can overcome the costly resource management, high Doppler, and longer
round-trip delay challenges associated with satcom and HAPs, and could be a key enabler
of large-scale city-wide UAS deployment. For DAA purposes, an AV can broadcast its
presence to other nearby AVs to avoid unsafe situations in the drone corridors, essentially
functioning like existing automatic dependent surveillance-broadcast (ADS-B) systems
on civil passenger aircraft today. The current ADS-B system is unlikely to have su cient
capacity for many envisioned AAM settings and applications, hence augmentations to
this system, or new approaches, must be employed.

In addition to AA communication for AV coordination, AVs can also relay data outside
their coverage area to deliver time-sensitive data to other AVs or BSs; this can reduce
backhaul tra c. As a result, the overall spectral and energy e ciency of the network
can be improved. The exact number of AVs ying at any given time also a ects AA
communication requirements and performance. Moreover, the trajectories of the AVs
(\intent™) will also need to be shared for e cient routing of the information through AA
communication.

In current air tra ¢ management (ATM) systems, there is minimal support for V2V
communications. For example, the tra c collision avoidance system (TCAS), which is
designed to reduce the incidence of mid-air collision (MAC) between aircraft, alerts
pilots of the presence of other transponder-equipped aircraft which may present a
threat of a MAC. TCAS will issue tra c advisories (TA) and resolution advisories
(RA), when appropriate. When an RA is issued to conicting aircraft, the vehicles
(pilots) are expected to perform the required actions (such as ascend and descend) and
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