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ABSTRACT Detection of drones carries critical importance for safely and effectively managing unmanned
aerial system traffic 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 paper, 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 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 drones.

INDEX TERMS A2G channel, beam tilt, directional antenna pattern, drone detection, LoS/NLoS, stochastic
geometry.

. INTRODUCTION

UE TO the widespread use of drones across the mili-

tary, commercial, and government sectors, surveillance
of drones is emerging as an important and challenging
problem. While such proliferation of drones introduces obvi-
ous benefits, it also increases the potential for accidental
or deliberate violations, such as, invading privacy of peo-
ple, intruding into restricted government or business areas,
or colliding with air-crafts and causing accidents. In situa-
tions like these, technologies to detect, track, and interdict
possible aerial threats become indispensable [1]. Since the
detection of the drones is the first 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 sig-
nals, and computer vision. Among these, a good majority
of the sensing techniques rely on the use of the RF sig-
nals, due to some of the advantages it offers over the other
modalities, such as, the long detection range, effectiveness in
NLoS environments, and the low-cost of the RF sensors [2].
The existing RF drone sensing techniques can be broadly
classified into the following two categories: active sensing
and passive sensing. In the active approach, the sensors are
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required to continuously broadcast wireless signals, and then
analyze the signals reflected 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 eaves-
drops on the communication signal exchanged between the
drones and their ground controllers (GCs) and looks for sig-
natures unique to drones, such as the spectral features, traffic
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 stud-
ies 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 sufficient 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 difficult to achieve. The detection performance
can further suffer 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 detec-
tion can be deployed in a limited stretch within a region of
interest (ROI), it cannot achieve the desired wide-area cover-
age. 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 com-
mon cellular network frequencies in the future for command,
control, and payload communications [6]-[10]. Moreover,
given the anticipated high density of the long term evolu-
tion unlicensed (LTE-U) base stations (BSs) in the 5G era,
it is possible to use these resources for passive sensing of
the commercial off the shelf (COTS) drones, that use WiFi
links to communicate with their GCs. Since COTS drones
are widely used across different applications, and both WiFi
devices and LTE-U BSs operate in the unlicensed industrial,
scientific and medical (ISM) radio bands [11], such detection
framework remains applicable to a large group of drones.
In the rest of the paper we do not limit the terrestrial sens-
ing network to a specific 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
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signal intensity as well as the interference level. In partic-
ular, the drone’s signal strength and the interference from
the intended users of the sensors depend largely on the spa-
tial locations of the sensors relative to the target drone and
the users. Other factors that may impact the fading of the
signals significantly, are the directionality of the antenna pat-
terns (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 topo-
logical randomness of the network need to be considered
explicitly using tools from stochastic geometry.

Notation: X~U|a, b] denotes that the scalar random vari-
able X is uniformly distributed between a and b. X~ X22 and
X~o X22 denote a standard (unit variance) and a scaled (vari-
ance of o2) Chi-squared random variable with two degrees
of freedom. X~x'5(Anc) and Xwox’g(knc) denote a stan-
dard (unit variance and non-centrality parameter Anc) and a
scaled (variance of o2 and non-centrality parameter o Ang)
NonCentral Chi-squared random variable of degree 2. X is

used to denote a complex random variable. X 4 Y denotes
that the random variable converges to the random variable
Y in distribution. a (mod b) is used to describe the modulo
operation and the result is the remainder of the Euclidean
division 7.

ll. LITERATURE REVIEW

Recently some works have emerged that investigate the
topic of drone detection by cellular networks. Papers such
as [12], [13] discuss application of various machine learn-
ing 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 drone altitude, and the beam width and the bore-
sight angles of the antenna patterns at the BS receivers, on
the detection performance. In [14], [15] 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 cel-
lular network serving drone users. For example, papers such
as [16]-[18], evaluate the cellular coverage performance of
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TABLE 1. Related work on RF-based detection/communication involving drones.

Paper Task Infrastructure | Operating Type of anal- | Interference | Sensor Channel Antenna pat-
frequency ysis geometry geometry model tern
[1] Passive  sensing | Surveillance N/A Simulation N/A N/A LoS/NLoS N/A
of drones drones
[2,4] Detection /| COTS ground | 2.4 GHz, | Experiments N/A N/A N/A N/A
classification of | sensor N/A, 2.4 GHz
drones
[11] Active / passive | COTS SDR | 2.437 GHz Experiments N/A N/A N/A N/A
sensing of drones | boards
[12] Detection / | Cellular net- | 2 GHz Simulation N/A N/A LoS Extended 3GPP
classification of | work Downtilted an-
drones tenna pattern
[13] Detection Cellular net- | 2 GHz Simulation N/A 3GPP-based de- | LoS/NLoS N/A
identification of | work ployment
drones
[14] Detection / | 5G millimeter | 25 GHz Simulation N/A 5G network de- | mmWave LoS N/A
identification of | wave radar ployment
drones
[15] Detection /| 5G millimeter | 28 GHz Ray based | Fixed Single BS mmWave LoS Antenna array
identification of | wave radar tools numbered, beams
drones randomly
located
[16,17] Downlink cellu- | Aerial cellu- | N/A Stochastic Ge- | BPPP N/A Nakagami-m N/A
lar coverage at | lar network ometry fading
ground receiver
[18] Downlink cellu- | Aerial cellu- | N/A Stochastic PPP N/A Rayleigh fading | N/A
lar coverage at lar network geometry
based mobility
model
[19] Downlink cellu- | Drone small | sub-6 GHz Stochastic ge- | PPP N/A LoS/NLoS N/A
lar coverage at cells ometry
[20,21] Downlink cellu- | Ground BS | N/A Stochastic ge- | PPP N/A LoS/NLoS Downtilted
lar coverage at and UAV-UEs ometry ULA pattern
Our Passive sensing | Cellular net- | 3.5 GHz Stochastic ge- | PPP PPP LoS/NLoS Downtilted an-
work of drones work ometry tenna beam

drone assisted aerial cellular networks, without consider-
ing any realistic A2G channel characteristics and antenna
patterns. While the authors in [19], 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 [20], [21] 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 com-
pletely different in a passive sensing scenario, none of
these existing papers can be directly applied to a non-
dedicated passive sensing network that we consider in
our study.

In our work, we develop a unified 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 infras-
tructures is not available in the literature. This study is an
extended version of our conference paper [22], where we
investigated the performance of a sensor network with an
isotropic antenna pattern. In the journal version, we incor-
porate a realistic directional antenna pattern, defined by the
International Telecommunication Union (ITU) for a cellular
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network [23], that takes both the beam tilt angle and the
HPBW into account. We also consider an A2G channel
model that allows us to differentiate between the detec-
tion performance in suburban and urban environments. Our
analysis reveals several useful network design insights, such
as, the existence of a critical 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 the n" 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.

For easier comparison, we present a brief summary of the
literature review section in Table 1. This table includes the
following abbreviations that have not been used earlier in
this manuscript: ‘BPPP’ for binomial Poisson point process,
‘SDR’ for software defined radio, ‘ULA’ for uniform linear
array, ‘Y’ for yes, and ‘N/A’ for not applicable.

lll. SYSTEM MODEL

A. NETWORK OVERVIEW

As shown in Fig. 1, we consider a scenario in which a target
drone is flying over a network of ground RF sensors. In the
rest of the paper, we use the term sensor in a generic sense,
to refer to a transceiver that is capable of sensing the band
where the drones also communicate. While the ground sen-
sors are serving their own intended user equipments (UEs),
they aim to detect the target drone in the presence of the
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FIGURE 1. The signal of interest from the drone and the interference at the probe sensor.

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 as a network 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 is and Aye following two
independent stationary homogeneous Poisson point processes
(HPPPs) [24], denoted by ®g and ®, with the densities
Am~2 and kyAm~2, respectively, where ky>0 represents the
user 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 which case user load becomes an integer such
that k,>2, and may be partially loaded which makes ky a
positive fraction (ky<1). We assume that the probe sensor,
which is tasked with detecting the target drone, is located
at the origin, as depicted in Fig. 2. The distance of the
i-th nearest UE to the probe sensor is denoted by R; such
that Ry y <Ry y for k<f. 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.e., Ry y) is [25]:

friu(r1,0) = 2kuAry y exp(—kyAmr?y y), (1)

which describes the Rayleigh distribution with a scale
parameter o> = #u)t

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
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FIGURE 2. The problem of drone detection in a Poisson field of sensors and
interferers.

ones. Note that the natural choice would be to consider the
detection at the nearest sensor if the antenna power pattern
was perfectly isotropic [22]. 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 variable Rq) is given
as [25, pp. 41]:
n

Srg(ra) = %A"rfj"_] exp(—knré),
which is the n-th nearest neighbor distance of the HPPP, ®p.
Note that (2) describes the generalized Gamma distribution
with the scale parameter 0% =

@)

A"
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B. 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 defined as a function
of the horizontal distance rgq as follows [26]:

1
1+ aexp {—b[lgotan—l(hd hs) - a”

where a and b are constants which depend on the envi-
ronment, hg is the altitude of the target drone, and Bgq =
tan_l([hd — hs]/rq) is the UAV elevation angle, or equiva-
lently 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.e., NLoS state) with the prob-
ability 1 — P{_\Os(rd). As illustrated by Fig. 3, the NLoS
component is assumed to be composed of My multipath
components (MPCs), where each path is characterized by
a random amplitude gain «,, with unit mean-squared value
(E{o?} = 1) [27], a random phase ¢, (¢, ~U]O, 27)), and
a random AOA S, at the probe sensor (B, ~U[—7F, F]).
We also assume that {c;,}, {Bn}, and {¢;,,} are indepen-
dent and identically distributed (iid) random variables with
1 <m < My [28], [29]. Note that the A2G links can have
MPC contributions scattered by obstructions located both
above and below the ground sensor, and we therefore have:
T<Pn=7%.

Dependlng on the A2G channel state Sp being LoS or
NLoS (i.e., sp € {L0S, NL0S}), the large-scale fading in the
said A2G channel is characterized as the combination of free
space path loss (FSPL) and respective additional path loss
(APL) n®A, arising from the shadowing and scattering caused
by the environmental obstacles (e.g., buildings, lampposts).
We assume different additional path loss for the LoS and
the NLoS links such that nNLOS > nLOS, in general. Thus,
the path loss over the A2G link is given in the dB scale as
follows

)

Plos(ra) =

PLS = 201log(d|o3) +2010g< f") + 20log(n®*) ,

———
LoS/NLOS APL

FSPL

“4)

where d| o5 =,/ ré + (hq — hs)? is the LoS distance between

the probe sensor and the target drone, and C is the speed
of light. We use (4) for describing the LoS and NLoS
components of received drone signal in (16) and (17).

C. 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
distant interfering UEs—other than the nearest UE). On
the other hand, the LoS probability becomes significant for
short-distance connections (e.g., between the probe sensor
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and its intended UE). We therefore describe the terres-
trial 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) [30], we assume that
the intended UE link can either be in LoS state or NLoS
state (ST € {LOS, NL0S}) and the probability of the link
being in the LoS state is given as a function of the hori-
zontal distance between the probe sensor and its intended

UE as
18 lu
LoS(rl u) = min (—rl ; 1) (1 — exp {—g})

% | ®

We therefore assume that the intended UE has both the
LoS and NLoS links (i.e., mixed LoS/NLoS channel) with
a probability in (5), and has only NLoS links otherwise.
We use (5) for describing the LoS and NLoS compo-
nents of the interfering signals in (15). As illustrated by
Fig. 3, we assume that each NLoS link between each UE
and the probe sensor, is composed of My MPCs and that
each of these MPCs are characterized by a random ampli-
tude gain &, with unit mean-squared value (E{d2} = 1),
a random phase qsm,,‘ (ém,wmo, 2m)), and a random
AOA ,B/m,,- (ﬁ/m,iva/l[—%,O]). Here, i and m respectively
denote the UE order/index and the MPC index, and for
all values of i, {&m.}, {,ém,,-}, and {qgm,i} are sequences
of random variables that are ii.d. in both 1 <m < M,
and 1 <i < o0.

Note that significant 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 < hs,
thereby producing AOAs in the range [—Z, 0]. Note also
that the AOA of the LoS link for the intended UE is given
as Bru= —tan~ ! ([hs — hyel/r1,u). We also assume that the
path loss in terrestrial LoS and NLoS links are respectively
expressed by rJl/!‘u and ri’!u, where y| and y) are the respective
path loss exponents (PLE).

+ exp{

IV. IMPACT OF DIRECTIONAL ANTENNA PATTERNS

A. 3D ANTENNA PATTERN, DETECTION ZONE, AND
INTERFERENCE ZONE

We assume that each UE and the target drone have been
equipped with a single isofropic antenna. The ground sen-
sors, on the other hand, have a 3D antenna pattern that are
mechanically or electrically steered towards a certain eleva-
tion angle in the vertical domain. In this work, we adopt a
directional antenna power pattern which is defined by the
International Telecommunication Union (ITU) in the vertical
domain as follows [23]

N2
G(B) = Gp max — min [12(M) ,Am}, ©)

B3ds
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FIGURE 3. NLoS propagation in A2G and terrestrial channels.

where B is the elevation angle (of either the ground UEs
or target drone), Ay is the side-lobe level (SLL), Gp max is
the maximum directional gain (along the boresight), By is
the beam tilt angle or boresight elevation angle, and B3y
is the HPBW of the vertical antenna pattern at the probe
sensor. We note that the antenna power pattern in (6) can
be used for many different settings (e.g., 3GPP [30]) 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 S < B < Byp yield a
receive antenna gain higher than (Gp max — Am) dB, where

Bio = Pt — \/%/33% and Bup = Biit +\/%ﬁ3d8- 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 riy for which B < Biu < Pup) from the probe sen-
sor. We refer to the collection of such nearest UE locations
as the interference zone, as uplink signals received from
other UE locations gets severely diminished due to expe-
riencing the minimum receive gain of —Am 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-called detection zone,
where we have By < Bg < Bub. Apart from the beam tilt
angle, the HPBW, and the height of the probe sensor, the
area and location of the detection zone and the interference
zone respectively depend on the altitude of the target drone
and the intended ground UE. As shown in Fig. 4, we note
that both of these zones form circular disks around the probe
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sensor, where the inner and outer radius of the interference
zone are given respectively as ry b = (hs —hye) cot(Bip) and
Tuub = (hs — hye) cot(Bup), and those for the detection zone
are rq lp = (hg —hs) cot(Bub) and rq,up = (hq — hs) cot(Bip),
respectively. Please note that, the reason we define the
detection and the interference zone with respect to the
antenna pattern, is that the detection performance is deter-
mined 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 define events A 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(Bip < B1.u < Bub)
and P(B) = P(Bp < Bg < PBub), are the measures of how
well the mainlobe is aligned towards the intended UE and
the target drone, respectively. Using the respective horizontal
distance distributions in (1) and (2), they are given as:

oA (Bt — B3ds)
) —oa(Biiit + B3de)» Bib <0, Bub <0
P@A) = oA(Bit + Bads):  Bib <0, Bup >0 )
0, Bib =0, Bup =0,
0, Bb <0,Bu <0
oy ) BBt + B3de)s  Bib <0,Bup >0
PB; m) = @B (Bt + B3dB) ®)
—B (Bt — Bade), Bib =0, Bup > 0,
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FIGURE 4. Ground interference zone with respect to the dominant interferer for downtilt antenna.

where

PAGD) = exp{—m[(hs — hue) cot() 2},
-1

>

s=0
x exp{—,\n(hd — hg)? Cotz(x)]. )

[Am (hg — hs) cot?(x)]’

pB(x) =

Note that P(B; n) denotes P(B) with the probe sensor
being the n-th nearest sensor for the target drone, and gp (x)
and gg(x) are defined as in (9).

B. NUMERICAL EXAMPLE
In order to get an insight into the probabilities in (7) and (8),
we depict their values in Fig. 5(a) and Fig. 5(b), respec-
tively, against varying tilt angle By for various choices of
3dB beamwidth f3gg, node density A, and drone altitude
hg assuming a particular antenna pattern with Ay, = 20 dB,
Gpmax = 17 dBi, ky = 1, and hye = 0. In Fig. 5(b),
under the same configuration, P(B) is plotted for both the
nearest (‘N1°) and the 2nd pearest (‘N2’) sensor. Later in
Section VII-B, we demonstrate that, the impact of the vary-
ing Bijt on the detection performance is mainly governed by
the corresponding changes in P(A) and P(B).

In view of both static and dynamic beamforming tech-
niques, we assume that the mainlobe is steerable across the
entire vertical plane. This allows us to explore the detection
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performance across a wider range of beam tilt angles includ-
ing 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 fields,
the idea of installing RF infrastructures that are capable of
serving both ground and aerial users are being studied heav-
ily, which in turn makes such up-tilted directional antenna
patterns more feasible. In Fig. 5(a) and Fig. 5(b), as the tilt
angle changes from —30° to 30° and moves from the left to
the right side of the By axis, both ry p and ry yp increase.
This causes the interference zone to move away from the
origin of the 2-D Euclidean plane, sweeping through the
intervals of the intended UE distance, R; y, that are low and
high in probability density (fg, ,). Thus in Fig. 5(a) we see
that P(A) keeps increasing as long as the extent of the overlap
between the inferference zone and the high probability den-
sity interval of Rj y (narrow neighborhood of the E{R; y})
increases, increasing the total probability mass (measured
as rﬁfisb SR (riu) dry,y) in the interference zone. However
P(A) starts to drop, as Bt increases beyond a critical angle
that maximizes the total probability mass.

Similarly in Fig. 5(b), we see that as the beam tilt angle

. A .
increases beyond Bt > —+/ 75 Bads (.., Bup = 0), the
detection zone moves inward (i.e., both rq)p and rqup
decrease), which in turn increases the overlap between the
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(b) Sensor-drone alignment.

FIGURE 5. Probability of alignment with sensor antenna pattern as a function of the
beam tilt.

detection zone and the high probability density (fgy(rd))
intervals of the horizontal distance between the drone and
the probe sensor, Ry (a narrow neighborhood of E{Rg}). This
causes P(B) and the total probability mass ( f raub fo (rg) drg)
in the detection zone to increase until a certaln critical tilt
angle is reached and the detection zone moves too close to
the origin reducing the total probability mass. Since the val-
ues of both E{R; y} and E{Ry} decrease with an increase
in the sensor (A) and the UE (kyX) density, the high prob-
ability density intervals for both Ry and Ry y move towards
the origin. Thus in Fig. 5(a), we see that, as A increases
from Ay to 101y (where Ao = 10~° m_z), the tilt angle that
maximizes P(A) moves towards the lower bound of the tilt
angle range. Similarly, in Fig. 5(b), as XA increases, the tilt
angle that maximizes P(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
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also results in P(B) being maximized at a tilt angle that is
closer to the upper bound of the tilt angle range. By observ-
ing Fig. 5(a) and by taking derivative of (7) with respect to
Biiit and A, the tilt angles for which dﬁ| > 0, also yields

dM > 0, and the tilt angles for which d{%f?)

dP(A) < 0. Similarly, from Fig. 5(b) and (8) we note that

< 0, yields

the tilt angles for which dP(B) > 0, yields M < 0 and
arB) 0, whereas the t11t angles for Which M 0,
“dhg dPiitt

yields G2 > 0 and G2 > 0.

V. 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 hypothesis Hy, the
composite received signal R(#) at the probe sensor is given by

0:R(t)=Y(@)+N@®, (10)

where Y(f) is the aggregate interference and N(t) is the
additive white Gaussian noise (AWGN) with a two-sided
power spectral density No/2. In the presence of the target
drone, the alternative hypothesis H; is given by

1RO =ZO+Y®O +N@®), an

where R(t) also involves the SOI Z(¢), in addition to Y(¢)
and N(z).

The aggregate interference term Y(¢) in (10) and (11) is
given as [27]:

o
Y(t) = Y1)+ Y _ YinLos (). (12)
i=2

where Y (¢) is the signal received at the probe sensor from the
intended UE over the mixed LoS/NLoS link, and ¥; Nios(?)
is the signal received from the i-th nearest UE (regardless of
being the intended or interfering UE) over the NLoS links.
The LoS component of Y;(f) 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

n
k \72
Y1 Los() = <IT) V2PuG(Bru)gu® — 1)
,u
x cos(2mfet 4 61.u). (13)

Similarly, the NLoS component of the i-th nearest UE, for
i=1,2,...,1is computed after applying sensor antenna gain
and both the small- and large-scale fading to UE transmit

signal, which produces
"
k \?2/ P
—) 2PyG(Bm.i)gu(t — i)

My
YiNLos(®) = ) O'tm,i(R

m=1 Lu

X cos2mfot 4 Oy + Gm.i). (14)
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Thus the total received signal for the intended UE is given
by (13) and (14) as follows

Y1) = { Y1 Los(®) + Y1 NLos (), with P] o (r1.0)
Y1.NLos (). with 1 — Pl s (r1,0),

5)

where PIoS(r1~U) is the probability of the respective LoS
state given in (5). In the above equations (13) and (14), we
use the following notation: f; is the carrier frequency, C is
the speed of light, k = ﬁ, Py is the transmit power of
the ground UEs, g,(7) is the unit-energy signal waveform
for the UEs, 1; is the random delay in transmission of the
i-th nearest UE, and 6, ; is the signal phase of the i-th near-
est UE taking values in the range [0, 2r). 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 assume {r;} and {6;y} to be two
sequences of i.i.d random variables with 7; ~ U[0, T] and
0iu ~ U0, 27).

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

Zios(t) =

ngd(t — Td)
LoS\/
X cos(anct +6q), (16)

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

V2PyG(Bn)ga(t — tq)

a7)

My
ZNLos (1) = Z Uy ———F—x
m=1 dLOS 77NL 05

X cos2mfct + Og + dm).

As before, the composite SOI is computed by (16)
and (17) as
Z1os(t) + ZnLos (), with pPA (rq)
Z(1) = LoS (18
“ {ZNLos(t), with 1 — PP < (rg), )

where P’ﬁos(rd) is the probability of the respective LoS state
given in (3). The notation used in (16) and (17) is as follows:

k= ﬁ, Py is the transmit power of the drone, gy(¢) is the
unit-energy signal waveform for the drone, t; is the random
delay in the transmission of the drone with respect to the
probe sensor, and 64 is the signal phase of the drone taking
values in the range [0, 27). As we do not assume to have any
knowledge of the drone signal waveform at the probe sensor,
we assume that 6g ~ U0, 27), tq ~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 nar-
rowband, such that f; > % 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:

u(t) = {0’

Lemma 1: The in-phase/quadrature (I/Q) decomposition
of the composite received signal R(f) is represented as R =
Z +Y + N. The 1IQ components of the AWGN, N, and Nq
(such that N = N|+Nq) are i.i.d Gaussian random variables,
each distributed as ~ A'(0, No/2) [31], [32], and the IQ-
decomposition for the aggregate interference is given in (20),
shown at the bottom of the page, where p;y = fOT gu( —
7;)gu(?) dt is the cross-correlation between the transmit and
receive waveforms for the i-th nearest UE, and {p;y} is
a sequence of i.i.d random variables with p;y ~ U0, 1].
Similarly, I/Q decomposition of the SOI is given in (21),
shown at the bottom of the page, where n = nNL°S /L0 and
od = fOT gq(t — t)gu(r)dr is the respective cross-correlation
and pg ~ U[O, 1].

Proof: See Appendix A. |

for0<t<T
(19)
otherwise.

VI. 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 first derive the distri-
bution of the RSS of the composite received signal at the
probe sensor, and then derive the probabilities of false alarm,
detection and coverage.

\s

I ,
S (s ) S iy PuG (B Ot

Y = +p1u(Rlu)’i/ LGBrwey, withP]_o(r1.) (20)
52 (7 ) 2 iy PuG ) om0, with1 — P10
__kpge'™d b A

i m[zm_lam\/_PdG(,B—m 6/t + /T PaGBa) |- withPflg (7o) on

__kpge®d
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A. STATISTICAL DISTRIBUTION OF RSS

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

Theorem 1: For a sufficiently large number of MPCs over
the NLoS link (i.e., My), a given value of the horizontal
distance R y, a given value of the UE cross correlation coef-
ficient p; y, a given value of intended UE’s signal phase 6 y
and a given value of the Stable random variable V (defined
below), the conditional distributions of the I-Q components
(Y = Y| +jYq) of Y are given as follows Y| ~N (uy, 03)
and Yo ~N(uq.y, a\%), where

kp1,ua/ PuG(ﬂl,u)COS(el.u) T
RyL with F)Los(r]’u)

MLy = : (22)
0, with 1 — LoS(rlsU)’
and
kp1,ua/PuG(B1,u) sin(01,u) . T
, with P ~(r1.0)
nay = KL, Los™ 1 (23)
0, with 1 — P[ s (r1.u),
with the variance
1
AVKNP, y+8
2= YlgaC;'——r h 24
Oy = - 1)|: y| )/|+2 ( ZJ/I ) (ﬂSdB)] ( )

where C4 is a parameter based on the particular value of

Y
148 h(,33d|3|) is the function given as

£0-23GP max 0.23Am
erf
12

h(BadB) = ,33dB( NV

— ,83dB(2 A_ GP.max—Am) +eGP,max—Am
V 12 ’

(25)

and V is the random variable following a Stable distribution,
denoted S(ay, By, Yv), with the stability parameter oy = %,
the skewness parameter Sy = 1, and the scale (dispersion)
parameter yy = cos(%) [33]. The choice of isotropic antenna
at the probe sensor results in h(B3gg) = 1.

Proof: See Appendix B. |

Theorem 2: For a sufficiently large number of MPCs over
the NLoS link (i.e., Mq), a given value of the horizontal
distance Ry, a given value of the drone correlation coefficient
0d, a given value of the random phase 6y, and a given value
of the Stable random variable V the conditional distributions
of the I-Q components (Z = Z| + jZq) of Z are given as
follows Zj ~ N (112, 02) and Zq~ N (nq.z, 02), where

kpd\/mcos(ed) Wlth PA (”d)
M1z = dLogA/ 708 oS (26)
0, with 1 — LoS(rd)’
and
kpd~/PaG(Bq) sin(¥4) : A
LAV _dPd 70 with P T
naz = dios /nLOS LOS( d) (27)
0, with 1 — PP < (rg),
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with the variance

5 2k*piPqh(Bsds)
7z = 2 NLoS
d|_0377

Proof: See Appendix C. |

Let R) and Rq be the in-phase and the quadrature compo-
nents of the I/Q decomposition of the received signal such
that R = R| 4+ jRq. The RSS is therefore given in terms of
in-phase and quadrature components as follows:

Rs = R} + R,

(28)

(29)

Using the distributions of the I/Q decomposition of the
aggregate interference and SOI given in Theorem 1 and
Theorem 2, we characterize the distribution of the RSS
under the hypotheses Ho and H; defined in (10) and (11),
respectively, in the following theorems.

Theorem 3: For a given value of the horizontal distance
Ri,u, a given value of the UE correlation coefficient pj y,
and a given value of the Stable random variable V, the con-
ditional distributions of the RSS under H( can be described
as a scaled non-central Chi- squared distribution of degree

2 and non-centrality parameter ”20, ie., Rs ~ og x 2(A”°)
9

where
N
002 = UY + 70
K Pl.u PuG(ﬁl u) T
L Ao m LW withP r
e = R, Los71.u) (30)
0, withl — LOS(rlvU)’

and a% is given in (24). Note that when Anc = O (i.e., along
with the NLoS channel state), the distribution of Rg reduces
to a scaled Chi-squared distribution.

Proof: See Appendix D. |

Theorem 4: For a given value of the horizontal intended
UE distance R; y, the horizontal drone distance Ry, a given
value of the drone correlation coefficient pg, a given value of
the UE correlation coefficient p; y, and a given value of the
Stable random variable V, the conditional distributions of the
RSS under H; can be described as a scaled non-central Chi-
squared distribution of degree 2 and non-centrality parameter

. 12/ A
ﬁ, ie., Rs ~ o1 X 2(ﬁ)9 where
1 1

N
012=022+a$+70, a3
and
0, with (1 — PR g (rg)) (1 — P] g (r1.0)).
N Rt with (1 — P g (ra))Pl g (r1.0).
" . with (1 = P g (r1.u))PP g (ra).

(VT + v72)*, with P] g (r1.0)P g (ra).,

(32)
where 022 is given in (28), and
K2 p1,u*PuG(B1,u) k*pgPyG(Ba)
Al = R ) 2= "5 (33)
Riy n-22d g
Proof: See Appendix E. |
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B. PERFORMANCE EVALUATION

We now investigate the detection performance by deriv-
ing the probability of false alarm, referred to as Pga, the
conditional probability of detection for a given value of
rq, referred to as Pp(rq), and the network wide detection
coverage probability referred to as Pp ayg. We decide on
H1 when the RSS measurement exceeds a fixed threshold
1th, and pick Ho otherwise. Pra and Pp(rq) can therefore
be derived using the complimentary cumulative distribution
functions (CCDFs) FRS(Vth§H0) = Pr(Rs > y; Ho) and
FRry|rg(Mtnlrd;s H1) = Pr(Rs = yinlrg; H1), respectively.

Theorem 5: The probability of false alarm, Pgp, at the
probe sensor for the drone detection problem described in
Section III is given in (34), shown at the bottom of the page
where O’g and A1 are given in (30) and (33), respectively,
and Owm () is the Marcum Q-function [34].

Note that the distribution of the aggregate interference, as
stated by (22), (23), and (24), does not depend on the location
in the stationary HPPP &g [25]. 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 ®p, for all possible
locations of the target drone, has the same value and it is
represented by (35), shown at the bottom of the page.

Proof: See Appendix D. |

On the contrary, the distribution of the RSS, as stated
by (26), (27), and (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 horizon-
tal distance (rq) 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 configu-
ration (i.e., the beam tilt and the HPBW) on the detection
probability, Pp(rq), regardless of the sensor density. Thus
Pp(rg) indicates the detection probability, at the probe sensor
(located at the origin), due to a given set of drone locations,
{(x, y, hq) € R3:x% +y? = g%}, and is given in the following
theorem.

Theorem 6: The conditional probability of detection,
Pp(ryg), at the probe sensor that is horizontally rq units away
from the target drone is given in (35), where 012 and X, are

given in (31) and (33), respectively, and A3 = (v/A]++/A2).
Since the closed form PDF for the stable random variable V
is not available, the expectation with respect to V, Ey[.] is
computed by averaging the respective function of V over a
large number of samples drawn from the given distribution
of V.

Proof: See Appendix E. |

In order to evaluate the detection coverage probability
achieved by the sensor network in the ROI, we consider
detection by the nN-nearest sensor, and the distribution of
the random horizontal distance (Rq) between the target drone
and the probe sensor is then given by (2). Following the
notion of single coverage [5], [25], a certain drone location
(x,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 defined as the fraction of
the ROI that at least has single-coverage. Thus the coverage
probability, Pp, Avg achieved by the sensor network, ®p, is
given in the following theorem.

Theorem 7: The detection coverage probability, Pp avgs
can hence be obtained by taking expectation of the condi-
tional probability of detection, Pp(rq) in (35), with respect
to the random variable Ry, over the all possible values of ry
as follows

2@ A" oy 2
Pp,avg :/o T rqy" exp (—rg)Pp(rg) drg,

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

Proof: See Appendix F. |

(36)

VIl. NUMERICAL ANALYSIS

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

A. 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 significance. In

[ poo 1
[ A /
2 T 1 Yth T Yth
Pea = Ey /O /O 27'l'ku)\’”1,u exXp (—MTV],U)(PLos(”I,u)QM( _0025 _002) + PNLoS(rLU) eXp <__260_2)> dpl,u d”l,u:|

M roo 1 pl
Pp(rq) = Ey / / / 2mkyAryy exp(—)»rrr%u)
o Jo Jo

(34)

A A
x (P[osm,u)PﬁLos(rd)QM( =3 /VLL‘)+PI,Los(r1,u>Pﬁos(rd)QM< = /Vi;)
o] 9] o] 9]
pT pA k3 mn) | pr pA ")) dpg dpy y d
+ Los(”l,u) Los(”d)QM ;v 0_12 + NLoS(rlsU) NLos(”d)eXP _le Pd AP1,u Ariu (3%

VOLUME 2, 2021

2121



SINHA et al.: FUNDAMENTAL LIMITS ON DETECTION OF UAVs BY EXISTING TERRESTRIAL RF NETWORKS

—

0.9
0.8
————— =10, SU Analy
07 —&—-10®,SUSIm |
06 = = ==10", SU Analy |
= 1 —6— =10, sU sim
:b os¢ 4 ¢  @© | e A=10"*, SU Analy |
o S = —— A=10", SU Sim
04 sk I e AT e A=10", U Analy |
AR —&— =10, U Sim
03W | 1| fir=" - —)\=10'5, U Analy )
02 —O©—=10%, U sim
2 4 6 g A=10"%, U Analy
0.1 <108 —O =10t Usim
0 ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘

oG

0.1 02 03 04 05 06 07 08 09 1

(a) NLoS PLE, v = 4.

=== =10"%, SU Analy 1
—HE— =10, SU Sim
= = ==10"%,SU Analy ]
—©— =10, SU Sim
---------- A=10"%, SU Analy |
—0— 2=10", SU Sim
----- A=10", U Analy
—B—-10% Usim
= = =x=10", U Analy
—©— =105 Uusim ]
---------- A=10"%, U Analy
—0—=10"*, U Sim
‘

0 0.1 02 03 04 05 06 07 08 09 1

F’FA

(b) NLoS PLE, v, = 3.5.

FIGURE 6. Single sensor ROCs for varying node densities (hq = 300 m, rq = 923 m, Isotropic).

Section IV, equations (22) through (25) characterize the mean
(.Y, mq,y) and variance (03) of the I-Q components of the
total interference signal, Y, at the probe BS. Equations (26)
through (28) characterize the mean (1) z, ;tq,z) and the vari-
ance (a%) 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 (A), antenna pattern parameters
(Biit, and Pzgs), and the A2G and terrestrial propagation
parameters. Thus, these equations are crucial to understand-
ing how the LoS and NLoS energies in these signals are
dependent on these factors, which in turn decides the distri-
bution of the received signal strength (RSS) (as discussed in
Section V, and represented by equations (30) through (33))
at the BS, and the final performance metrics such as Pp
and Ppp, which are essentially the complementary cumu-
lative 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 detec-
tion probability, Pp(rq), the probability of the false alarm,
Prp, and the detection coverage probability, Pp avg, and thus
they are crucial to gaining understanding of the numerical
results.

B. NUMERICAL RESULTS

In particular for the case of the isotropic antenna pat-
tern, the conditional detection performance is evaluated in
Section VII-C by plotting Pp(rg) in (35) against the respec-
tive Pra (i.e., the receiver operating characteristic (ROC)),
whereas the detection coverage performance is depicted
by plotting Pp avg in (36) for a fixed desired value of
Pra = afa. For the directional antenna pattern, the con-
ditional (see Section VII-D) and the detection coverage
(see Section VII-E) performances are plotted in pairs, i.e.,
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(Pp(rq), Pra) and (Pp avg, PFa), respectively, as functions
of beam tilt, HPBW, drone altitude, and node density.

We assume a fully-loaded network with ky = 1 in the
interference-limited regime so that the AWGN is negligi-
ble compared to the interference power, i.e., o% > % SO
that 002 = o)%. We further assume Py, = Pq = 20 dBm,
fc = 3.5 GHz, hs = 35 m, hye = 0 m, Gp,max = 17 dB,
and Ajm = 20 dB [23]. The terrestrial channel is identi-
fied with the PLE y € [2.13, 4.89] for the NLoS links [35]
and y = 2 for the LoS links. For this work, we consider
suburban and urban settings for the A2G channel which are
characterized by (3) and (4), with the following set of param-
eters: (a, b) = (4.88,0.429), (n-°S, yNLOS) = (0.1,21) dB
for the suburban setting, and (a,b) = (9.6117,0.1581),
(ntoS, yNLOSy — (1,20) dB for the urban setting [26].

C. SENSORS WITH ISOTROPIC ANTENNA PATTERNS

Fig. 6(a) and Fig. 6(b) show the ROCs for the isotropic
antenna pattern and two different PLEs where the UE den-
sity A increases from 107® m~2 to 10~* m~2. Regardless
of the PLEs, the conditional detection performance Pp(rq)
for a given drone location (hg = 300 m, Bq = 18°, ie.,
rg = 923 m) drops for all values of Pga, as the UE density
increases. This is because any increase in A also increases
the dispersion Vyg of the aggregate interference. For a given
A and Pgy4, 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 comparing Fig. 6(a) and Fig. 6(b), we see that for
a fixed Prs and A, the Pp(rq) for y = 3.5 is significantly
lower than that for y = 4. This is due to the fact that the
dispersion of the aggregate interference increaseyls as the PLE
y for the interfering links decreases (yg o A2). Fig. 7(a)
demonstrates the impact of the drone altitude on the condi-
tional detection performance of the probe sensor for y = 4.
We observe that for ry = 923 m, as hg increases from 300 m
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FIGURE 7. Impact of h and 1 on the detection performance (y; = 4, 'Isotropic’).

to 600 m, Pp(rq) drops for all values of Pg4. This is due
to the fact that the increased A2G link distance d| g causes
a drop in the SIR of the SOIL

Next, we use Fig. 7(b) to illustrate the impact of the
node density, A on the detection coverage performance. For
a given value of Ppa, Pp avg changes in a non-monotonic
pattern with respect to A. When A increases, the reduced
average A2G link distance and the increased LoS dominance
increase the average SIR of the SOI causing the Pp avg to
increase. However the increased A also increases the aggre-
gate interference which in turn reduces the Pp ayg for a fixed
Pra. Thus we find that there exists a critical node density Ac
that optimizes the detection coverage performance. We note
that A¢ in both suburban and urban environments increase
as the required Pr4 decreases from 0.0025 to 0.001. We
also observe that the value of A¢ for a fixed value of Pgy
in suburban area is lower than that in an urban area.

For all the plots in Fig. 7(a) and Fig. 7(b) we include the
results obtained by both the theoretical analysis presented
in this paper, and a simulation based investigation 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 [36]-[39], where we consider a 1 km x 1 km system area,
and randomly drop BSs and UEs at 2D coordinates, where
each coordinate is generated according to a uniform distribu-
tion x ~ U[—500 m, 500 m], and y ~ U[—500 m, 500 m],
with total number of the BSs and the UEs in the system area
being A m~2 x (10° m?), and kyA m~2 x (10® m?), respec-
tively. We then fix the drone location (xg, yg, fg), such that
ré = )c(zj + yé < (923)2, 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
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alternative empirical cumulative distributions of the received
signal strength in these two cases to obtain the probability
of detection, Pp(rqg), and the probability of false alarm, Ppa,
respectively. The coverage probability of detection, Pp avg, is
obtained by generating the 2D coordinates of the drone loca-
tion (xg, yq) randomly according to the uniform distributions:
x4 ~ U[-500 m, 500 m], and yq ~ 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.

D. SENSORS WITH DIRECTIONAL ANTENNA PATTERNS:
CONDITIONAL DETECTION PERFORMANCE

In this section we discuss the impacts of the beam tilt, the
HPWRB, and the A2G propagation on Pp(rq) and Pfa, and
use the key ideas about probability of alignment described
by (7) and (8) in Section IV, to explain the variation in
Pp(rg) and Pra with respect to the said parameters. While
the lack of alignment between the drone and the probe sensor
is characterized by P(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. 8(a) and
Fig. 8(b) together depict the impact of the antenna pattern
alignment between the drone and the probe sensor, on the
conditional detection performance. Both figures employ the
same antenna pattern configuration: Bt € [—30°, 30°] and
Bags € {8°, 12°}, but Fig. 8(a) considers a drone elevation
angle (Bq = 85°, hq = 100 m) that remains outside the drone
detection zone (Bq > Bup) of the probe sensor for all Byj; and
all Bags. Due to this lack of alignment the LoS drone signal
experiences a very low receive gain of —20 dB for all beam
tilts, leading to very a low SOI and a very poor Pp(rg). On
the other hand, Fig. 8(b) demonstrates the improved detection
performance for a drone location (8q = 15°, hg = 100 m)
that is within the detection zone for all values of B3gg and
a sub-range of Biji.
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m=2, hy =100 m,

1) IMPACT OF ANTENNA TILT

Fig. 8(a) shows us that when P(B) = 0, there exist critical
beam tilts, respectively ﬁt/ilt,PD and IBt/ilt,PD’ that maximize
Pp(rg) and Ppa. This is because, as Bt increases and the
interference zone moves away from the origin, P(A) keeps
increasing until the inferference zone moves too far away
beyond the intervals of R, where the probability den-
sity fg, ,(r1,u) is high. This in turn increases the respective
receive gain of the LoS interference signal, Y7 (7). 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 the interference 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. 5(a), there exist critical tilt angles each for
Pp(rg) and Pgp, that maximize the said quantities. Since

P(A) drops to zero beyond Bijit > — ‘L}—g‘ﬂ3d5 and regard-
less of the particular value of By, the LoS interference
signal experiences a constant SLL of —20 dB, Pp(rq) and
Pra remains constant beyond the threshold beam tilt angles
B"tip and B4 pe, - Since P(B) increases beyond zero for
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Bub = 0°, the receive gain experienced by the LoS SOI and
the respective Pp(rq) in Fig. 8(b) improve significantly for

Biit = Bd — +/ 75 BadB-

2) IMPACT OF HPBW

Fig. 8(a) also shows that when P(B) = 0, as B3gp increases,
Pp(rq) and Ppa for all Byt increase. This is due to the
fact that as Bzgp increases, the power of both the NLoS
drone signal and the NLoS interference signal increase for
all Bijt, increasing both Pp(rq) and Pra. Moreover, as B3gs
increases, the critical beam tilts 'Bt/ilt,PD and ﬁt/ilt,PFA’ move
towards the lower bound of the Byt. This is because, the
interference zone for a wider B3gg sweeps through the high
probability density interval of R;, at a faster rate with
respect to the Sy, and achieves the maximum of P(A)
sooner at a more negative tilt angle. Similarly, Fig. 8(b)
illustrates that when P(B) > 0, as Bsgg increases from
8° to 12°, the range of Byt that allows for an improved
Pp(rg) gets wider, due to the increase in the width of the
interference zone.
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3) IMPACT OF A2G PROPAGATION

Contrary to the common intuition, Fig. 8(a) demonstrates that
when P(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 NLoS components experience much higher receive gain.
Since the probability of NLoS is higher in an urban environ-
ment as compared to a suburban environment, the average
power of the drone signal and the respective Pp(rq) is higher
in an urban environment. Fig. 8(b) shows that the range
of Byt for which P(B) > 0, the Pp(rq) in the suburban
environment becomes higher than the Pp(rq) in the urban
environment.

E. SENSORS WITH DIRECTIONAL ANTENNA PATTERNS:
AVERAGE DETECTION PERFORMANCE

In this section we analyze the impact of the antenna radiation
pattern (B and Bage), the drone height (hg), the network
density (1), the propagation parameters (‘SU’ vs ‘U’), and the
various choice of the probe sensor on the detection coverage
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performance with directional antenna patterns. Please note
that, as opposed to the conditional probability of detection,
in Section VII-D, 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 Biiit, hg and A on Pp ayg. For the ease of analysis, we divide
the associated interval of Byt in 3 contiguous sub-intervals,

Ilanlely: 11 = [__3()0’;36“,PFA)’ 12 = %%%f33d8)

[ﬂt/”t,PFA’ -
and I3 = (— "i—g‘ Bads. 30°], where IBt/iIt,PFA is the critical tilt
angle that maximizes the Ppa, as mentioned in Fig. 8(a).
In 71, P(B) remains zero and P(A) increases monotonically
with respect to Biji. In I, P(A) starts to drop and P(B)
starts to increase. In I3, P(A) drops to its minimum and
remains constant in the rest of the interval, whereas P(B)
keeps increasing with the increasing tilt angle.

1) IMPACT OF NODE DENSITY

As A varies, both UE and sensor density change. Any varia-
tion in the UE density impacts both the Pga and the Pp avg
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
the Pp avg by changing the receive gain and the path loss
experienced by the LoS Sol. However, the changes in the
receive gain with respect to the increased A can be very
different for different values of the sensor beam tilt.

For example, In Fig. 9(a) and Fig. 9(b), we see that in
the I; interval, Pra and Pp ayg increase with A increasing
from 3Xg to 75X¢. This is because in I, an increasing A
leads to higher P(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
and Pp avg with respect to the node density A. However in
the I, interval (where % < 0 and dIE;(B) > 0) the Pp ayg
can be decreasing or non-monotonic w1th respect to the A.
This is because when A 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 the I, interval we have: % < 0, we also have:
|

dIP’(A)

< 0, which leads to decreasing receive gain of the
LoS interference signal with respect to A. Similarly, due to
hav1ng dP(B) > 0 in I, we also have: rB) 0, which in
turn causes the receive gain of the LoS SOI to decrease with
an increasing . Since in I3 we have: P(A) = 0, P(B) > 0
and dP(E ) 0, we also have: dIZ(AB ) < (. Thus as A increases,
the receive gain of LoS SOI also increases. This combined
with the decreasing pathloss of the SOI and the interference
signal causes the Pp ayg to be increasing with respect to the
A. Thus we realize that for a given By there might exist
a critical node density Ac that maximizes Pp avg. As illus-
trated in Fig. 11(a) we see that, as the given By becomes
steeper, the value of the A¢ also increases.

Comparing the Pp avg and the Pga for a particular node
density (either 31g, 1519 or 75A¢), across the 3 intervals
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(11, I and I3) we realize that the optimal detection coverage
performance is attained at a certain critical tilt angle in
I3, where the RSS of the composite signal is maximized,
but the amplitude of the interference signal is minimized
in a probabilistic sense (as P(A) becomes 0 in I3). As the
density increases the critical tilt angle moves towards the
upper bound of the Bij; range.

2) IMPACT OF DRONE ALTITUDE

Regardless of the sensor beam tilt, an increase in the alti-
tude hg causes a drop in the SOI amplitude due to the
increased 3D link distance. It also causes the Pﬁos in (3)
to increase (due to the higher elevation angle, 84), which in
turn increases the average SOI amplitude. Thus we see that
in I, where P(B) = 0, the Pp ayg under suitable parame-
ter configuration may show a non-monotonic pattern with
respect to the altitude (as in Fig. 10(a), and Fig. 10(b), the
Pp,avg for hg = 85 m, and hg = 185 m are both smaller
than the Pp ayg for ig = 135 m, in the I; interval).

However, since in I we have: P(B) > 0 and dP(B)

dPBiitt
we also have L&) 0, which causes the receive gain of

the SOI to decre;se with the increasing hg. This combined
with the increased 3D link distance and path loss creates
a decreasing pattern in the Ppayg With respect to hg in
the I, interval. Finally, in the /3 interval, where P(B) > 0
and % < 0, we also have: dgf) > 0, which means
that the receive gain increases as hqg increases. Since the
increase in the hg also increases the pathloss, this results
in a non-monotonic relationship between the Pp ayg and the
hgq in the I3 interval. Thus we realize that for certain tilt
angles, there exists a critical drone altitude hg, that max-
imizes Pp avg by overcoming the increased pathloss with
the increased receive gain. In Fig. 11(b) we illustrate the

impact of the tilt angle on the critical altitude. We observe

> 0,
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that as the given Sy increases from 5° to 25° the value of
he becomes larger.

Comparing the Pp ayg and the Pga for a particular drone
height (either 85 m, 135 m or 185 m), across the 3 intervals
(I1, I and I3) we realize that the optimal detection cover-
age performance is attained at a certain critical tilt angle
in I3, that maximizes the Pp ayg by maximizing P(B) and
minimizes the Ppa by letting P(A) drop to zero. As the
altitude increases the critical tilt angle moves towards the
upper bound of the By range.

3) IMPACT OF CHOOSING THE NTH NEAREST SENSOR

The plots in Fig. 9(a) and Fig. 9(a) along with the plots
in Fig. 10(a) and Fig. 10(b), illustrate that when P(B; 2) >
P(B; 1) and the increased receive gain is higher than the
increased pathloss, the 2nd pearest sensor (denoted as *N-2°)
yields a higher Pp avg, as compared to the nearest sensor
(denoted as ‘N-1°). Thus both in Fig. 9(a) and Fig. 9(b),
and Fig. 10(a) and Fig. 10(b), at very steep positive angles,
Pp avg yielded by ‘N-2° is higher than that yielded by
’N-1°. While for very low node density (A = 3Ag) and
very low drone altitude (hq = 135 m) ‘N-1’ is preferred
at all By, as A and hq increase, the threshold beam tilt
beyond which the ‘N-2’ is preferred over the ‘N-1’, becomes
steeper.

VIIl. CONCLUSION

In this work we introduce an analytical framework to study
the joint impact of the sensor and the UE densities, A2G
channel characteristics, and 3D antenna patterns, on RF-
based detection of drones by a network of ground RF sensors.
In particular, we derive analytical expressions for the proba-
bilities of detection and false alarm at each individual sensor,
as well as the coverage probability of detection for the entire
sensor network, considering both isotropic and directional
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antenna patterns. Our analysis reveals that there exists a crit-
ical sensor density and critical beam tilt that optimize the
detection coverage. Contrary to the common intuition, we
discover the benefits of using far-flung sensors as opposed
to the nearest sensor, and thus are able to select the best
probe sensor, among all the sensors in the sensing network,
that optimizes the detection coverage probability. Our find-
ings can help in using existing/future terrestrial RF networks
for detecting drones, which in turn can improve the safety
of unmanned aerial traffic and urban air mobility in the
future.

APPENDIX A

BASEBAND SIGNAL REPRESENTATION

The I-Q components of Z = Z| + jZq are obtained by pro-
jecting the respective random process Z(f) onto a set of
orthonormal basis functions: {fj(t) = ﬁgu(t) cos(2rfct),
fa() = —«/zgu () sin(2rfe1)} [32]. We show the I-Q decom-
position of Z for the LoS case, in (37). Using gu(t) =
gd(® = u(r) as in (19) and tq ~ U[O T] in Section V, we
get pg = fOT u(Hu(t — tg) dt = f dr =1— 72 and thus
we get: pq ~ U[0, 1]. Similarly we have Piu ™~ M[O, 1], for
1 <i < oo. Following similar algebraic simplifications we
can show that

M, .
Zo = Z" kpgetm/PaG(By) sin (¢ + 6a)
— dL s /nNLoS
kpvad G(Bq) sin(6y)
dL s / LoS ’

(37

k 2 pp, U\/fmcos (0, u)

(38)
(R1,u) T
oo My
k m,iMi,
Yo=Y “—"“\/Pucwm D $in(u + du)
i=1 m:l i,u
k 2 p1, u\/PuG(,Bl u) sin (61, u) (39)
(R1,u) T

APPENDIX B
DISTRIBUTION OF AGGREGATE INTERFERENCE
AMPLITUDE
We will consider two cases separately; first the NLOS setting
and then the LoOS setting.

Case 1 (s7= NL0S): Using complex random variables U;,
Xi, Bj.i, we rewrite (20) as:

Y= Z

i=1 Rl u)

Ui =U+jUiq.

M,
where Uin = piuXin = PiuY_pyoq Bmin, and, By =
y ’ 5 2k . . .
k2 G in] PuG(Bm.i) e @it with n e {1, Q).
Distribution of U;p: Using moment properties of the
respective random variables we can show that for all i and

m, E[B,,;ql =0, and
2 15 2 5
E[B,iQ"] = k2 “PyEla”p ; JE[G(Bin)]

—kzzPu/ G(h_m)f_f_m(b_m) df

oo My
k m,itMi,
=33 S PG B cosOha + ) _ o, H(B_30B)
7 = u , (43)
i=1 m=1 lU 2
kotw ~/ZP4G(Br)
7 = Z / [ * d (’z 4t — Tg) cos 2 fst + Og + dm) xﬁgu(t)cos(anct)i| dr
m=1 dLOS v NLO
Tk /2P4G(Bq)
+ / V2PaGlBa) , (1 — 14) cos (2ot + 0g) x ~Zgu(t) cos 2fer) | dr
o | diLos nLoS
kot cos (g + ¢m)/PaG (B k cos (64)/ P G(
Z " ¢_) 4O [ ot — ta)euty ot + v TsSFa) / g4(t — t)gu(®) dr
m=1 LoS 0 dLOS 77
=pd =pd
> U k\*
il
N=) —— +,01,u<R—> VPuG(B1.u) cos(B1.u)
=1 (Ri,u)z 1,u
* Uq k7T
Yq = Z 7 + p1 u(R ) vV PuG(B1.u) sin(01,u) (40)
i=1 (Riu)? Lu
. kp1,uy/PuG(B1,u) cos(01,u)
YilR 1w, pLus O, V ~ Ny, 09),  with gy = ——— Rn“ - (41)
km VPuG(B1,u) sin(1,u)
YalRiu p1u. 01, V ~ N(uqy. 09),  with uqy Y RfL . - 42)
1,u
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where the expression for h(B34p) is the same as in (25),
which is not dependent on either m or i. Since {&, ;}, {ﬁ’m,i},
and {qS,,,, i} are sequences of random variables that are i.i.d in
both m and i, {B,, i n} is also a sequence of random variables,
i.i.d in both m and i, for both n € {l, Q}. Now using CLT [31]
we see that X; q = Z%il Bu.iaq 4 N, 0%), as My — oo
where 02 = E[Brzn,i’o] as in (43). Similarly we can show

Xii = Y0 Buit > N0, 0?).

Since {B, ;} and {B,, ; @} are two sequences of i.i.d ran-
dom variables in i, we conclude that {X;n} is a sequence of
i.i.d Gaussian random variables for with X; , ~ N(0, o2) for
all i, and both n € {I, Q}. Similarly we realize that U; is
also a sequence of random variables that are i.i.d in i, since
Uin = piuXin, and {p;y} and {X;n} are also sequences of
random variables, i.i.d in i.

Distribution of Yn: Since U; is a series of i.i.d random
variables and [Rtlu]?il is defined with respect to a PPP,
Y] and Yq become jointly Stable random variables [33],
such that Y, ~S.(ay, By, yy), with ay = %, By = 0, and

4
w = wrkyCL E{|Uin| "}, where

il

2 —
sz{?’ for x =1 (44)

- sin(g—x) I"(x), otherwise.

Now using the moment properties of the Gaussian (Qn) and
the Uniform (p; ) random variables, we obtain for both

ne{l,Q}:

E{|U- |;|} = Lk VAIP Vll 2 F(l+i)h(ﬂ ). (45)
in = o | u N2 ) " 3dB)-
Decomposition of Stable Random Variables: Next, using the
decomposition property of Stable random variables [33]
we get Y VVG such that G G| + jGq is a
complex Gaussian random variable such that for both
nell,0), Gn~N.(0,2y), where yg = 2(»y)?, and
vV~ Say, fv. W), with ay = 2. By = 1, yv = cos(%),
and V and G are independent random variables [33].
Therefore, ¥}|V and Yq|V are i.i.d random variables with
YalV ~ N (0. 6y2), where 0,2 = Vyg = 2V(y) ? as in (24).
Case 2 (st = L0oS): Using the random variables Uj
and U;q as in Case 1 (st = NLoS), we rewrite (20) as
in (40), shown at the bottom of the previous page. Using

2, ’”yl )|V ~ N(0, 5y2), from Case 1 (st = NLoS),

the dlstrlbutlon of ¥} and Yq in (40), are given as in (41)

and (42), shown at the bottom of the previous page,
respectively.

APPENDIX C
DISTRIBUTION OF SOI
Let’s define

kpdatm~/PgG(Bm) sin (pm + 64)
diosy/nNHoS ’

where E[B,,|Rqg, od, 04] = 0. Since {w;,}, {¢n} and {B,,} are
sequences of i.i.d random variables, {B;;|Rq, pg,0q} is also
a sequence of i.i.d random variables. Thus for a large value
of My [31], by the application of the Central Limit Theorem
(CLT) we have the following cases.

Case 1 (s4 = NL0S):

Zn ~ N(O, Uzz)
o; = EIB;,|Rq, pd. 04l, VN € {1, Q},

By = @7)

where E[B,%1|Rd, pds 04] is computed as in (46), shown at the
bottom of the page.
Case 2 (sp = L0S):

kpg~/PaG(Bqg) sin (6q)
dLosvV'1 LoS

My
d
+ Y BulRa, pa. s — N (uqz, 02,

m=1

ZqlRq, pd, 0 =

(48)
kpg/PaG(Bq) cos (64)
dios /oS

My
d
+ Y BulRq, pa. ba > N (2, 0%,

m=1

7Ry, pd, O =

(49)
where
kpd~/PdG(Bq) sin (0g)

dLosV WLOS ’
kpd~/PdG(Bqg) cos (64)

diosvn LoS

HQ,z = (50

mz = G

APPENDIX D

CUMULATIVE CDFS OF RSS WITH NULL DISTRIBUTION
We first derive the conditional distributions under the null
and the alternative hypotheses

FRnlv,RLu,ST(Vth'Vy r],U5 ST; Ho)a

E[Bile, od; 9d]

dﬁoSnNLOS
_ B g = o
ZdﬁoanLoS mn ZdﬁoanLoS
2Py p§ 023Gpmax 5 B —
" 2d2 gnNLoS ( ™ /_g =P (
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ﬂtllt
ds. 1
B3adB ) A +<

P
_ PG 102 oL sin -+ 05) ELG )

f © GBS (B A

_ 2PsdB [Am ) (0.23(Gp max—Am)) (46)
b4 12
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and
FRn|V,RLu,Rd,sT,sA(Vthlv, T'l,u, ¥d, ST, SA; 7'[1),
respectively.
Case 1 (sp = NLoS): For this scenario, we have

v
Ho:R|, Rq X N0, 002). We now define a random variable:

_Rs _R?
00?2

RQ2
092’
where, X conditioned on V, is distributed as a Chi-Squared

v
random variable of degree 2: Xy v x22. Thus we obtain the

CCDF of the RSS as:
FRSW(”S; Ho) = P(Rs > rs)
I's I's
=PXy>—) = ——. (52
Xz =) exp( 2002) (52)

Case 2 (Sp = LoS): After scaling R| and Rq by 002, we

— R _ RZ | RQ?
get Xo = i , and

002
Ry IV.Ryu.p1, Ly
Ho : — SN 1)
o1 00
Rg |V,R1_Nu,01,uN<MQ,Y7 1) _
o1 00

Using the values of 1)y and uq y from (22) and (23) we get:
v 2 2

X1~ x3(@ = hioo®) and @® = uiy* + pay® = 55

The CCDF in terms of Marcum’s Q function is given as [34]:

Fx, (x1; H1) = Q(d =V, b= \/X_l)
00 2 2
:/ exp{—a tu }ulo(au) du, (53)

i 2

where Io() represents the Modified Bessel Function of the
first kind, and zero-order:

x
00

- 2
FRs|V.Ryu.p1.u(Ts3 Ho) = Q(a \/_1, b= \é__os). (54)

Taking expectation of (54), with respect to the ran-
dom variables Ry, V, and p;y using (1) and
pru ~ U[O0,1], we obtain the Ppa = FRS(rs;Ho) =
Ev. Ry u.p1ulFRs|V.R1u.p1u (F's: Ho)], which yields the expres-
sion in (34).

APPENDIX E
CUMULATIVE CDFS OF RSS WITH ALTERNATIVE
DISTRIBUTION
Following completely analogous steps as in Appendix D
and using the distributions of Y and Z in Theorem 1 and
Theorem 2, we derive the CCDFs of the RSS in four different
cases as follows.

Case 1 (sa=NL0S, s4 = NL0S):

- T
FRryirg,v(rs; H1) = exp <_ 205;2)'

VOLUME 2, 2021

Case 2 (sp=NL0S, sp=L0S):
Vi, _ /A

FRs|Rd,,0d,V(rS; Hi1) = Qa = o'_l = O__l)

Case 3 (sp=L0S, sp=NL0S):

FRlRg, 010,V (rs; H1) = Q(a =

o1

LS
o1 ’
Case 4 (sp=L0S, sp=L0S):

FRg|Ry.pq.p1.0.V(rs; H1) = O(a =

VA3 b
o1’
where
A3z = A1+ A2+ 2/ A1Axcos(Bg — O1.u).-

Since 64 ~U[0, 2r), we have

(0d — O1,u)

Thus, we have:

(mod 27) ~ U[0, 27).

cos(Bg — O1,u) ~U[—1, 1]
and
J U (Var = Vi (o + V)2

Without loss of generality, we assume that A3 = (/A +
VA2)2. Taking expectation of FRS|Rvad,V(Vs; Hy), with
respect to the random variables Ry, V, and pgq using
od ~ U[0, 1], we obtain the conditional probability of detec-
tion at a sensor that is located at a distance of rq from the
target drone,

Pp(rg) = Fry(rs|Rq: H1) = Ev, o4 [Fre|V.Ry.ps (rs: HD].

which yields the expression in (35).

APPENDIX F

DETECTION COVERAGE PROBABILITY

For a target drone at xq = (xg, Vg, fid), its ground projection
location is xq = (xg,yq). Let D be the event that the n-
nearest sensor to the target drone is located at the origin
(0,0) € R2. Thus we have:

dr dr
P(D) = P(||xqll — -5 = Rn < |lxdll + ?)
= fR,(|x4qll) dr.

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

(55)

P(C) = P(Rs(Rn) = y). (56)

Let E be the set of all 2D locations in a ring of width dr,
centered around the origin (0, 0), with inner and outer radii
of ||xgll— % and |lxg||+%, such that, E = {x € R?: ||xg||—
2 < |lx|| < |lxqll+%} . Thus using (55) and (56) we get the
probability that Vx € E, is detected by the n-nearest sensor
as below
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P(C N D) = P(C|D)P(D)
= P(Rs(llxdl]) = v)fr,(lxdl) dr

= Pp(|lxal D/, ([lxall) dr
lIxall+%

:A PD(rn)fRn(Vn) drn.

xdll—5

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

/0 Pp(rn)fgy (rn) drn. (57)

Substituting (2), in (57), yields the expression in (36).
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