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Abstract

Recent years have witnessed exponential growth in mobile data and traffic. Limited
available spectrum in microwave (uWave) bands does not seem to be capable of
meeting this demand in the near future, motivating the move to new frequency bands.
Therefore, operating with large available bandwidth at millimeter wave (mmWave)
frequency bands, between 30 and 300 GHz, has become an appealing choice for the
fifth generation (5G) cellular networks. In addition to mmWave cellular networks,
the deployment of unmanned aerial vehicle (UAV) base stations (BSs), also known as
drone BSs, has attracted considerable attention recently as a possible solution to meet
the increasing data demand. UAV BSs are expected to be deployed in a variety of
scenarios including public safety communications, data collection in Internet of Things
(IoT) applications, disasters, accidents, and other emergencies and also temporary
events requiring substantial network resources in the short-term. In these scenarios,
UAVs can provide wireless connectivity rapidly.

In this thesis, analytical frameworks are developed to analyze and evaluate the per-
formance of mmWave cellular networks and UAV assisted cellular networks. First,
the analysis of average symbol error probability (ASEP) in mmWave cellular net-
works with Poisson Point Process (PPP) distributed BSs is conducted using tools
from stochastic geometry. Secondly, we analyze the energy efficiency of relay-assisted
downlink mmWave cellular networks. Then, we provide an stochastic geometry frame-

work to study heterogeneous downlink mmWave cellular networks consisting of K tiers



of randomly located BSs, assuming that each tier operates in a mmWave frequency
band. We further study the uplink performance of the mmWave cellular networks
by considering the coexistence of cellular and potential D2D user equipments (UEs)
in the same band. In addition to mmWave cellular networks, the performance of
UAV assisted cellular networks is also studied. Signal-to-interference-plus-noise ra-
tio (SINR) coverage performance analysis for UAV assisted networks with clustered
users is provided. Finally, we study the energy coverage performance of UAV energy

harvesting networks with clustered users.
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Chapter 1

Introduction

Recent years have witnessed exponential growth in mobile data and traffic due to, e.g.,
ever increasing use of smart phones, portable devices, and data-hungry multimedia
applications. According to the UMTS traffic forecasts, 1000 fold increase in mobile
data traffic is predicted by the year 2020 [I]. In another estimate, more than 50
billion devices may be connected wirelessly by 2020 which may cause a capacity
crisis [2]. Limited available spectrum in microwave (uWave) bands does not seem
to be capable of meeting this demand in the near future, motivating the move to
new frequency bands. Therefore, the large available bandwidth at millimeter wave
(mmWave) frequency bands, between 30 and 300 GHz, becomes a good candidate for
the fifth generation (5G) cellular networks and has attracted considerable attention
recently [3] — [8].

Despite the great potential of mmWave bands, they have been considered attrac-
tive only for short range-indoor communication due to increase in free-space path
loss with increasing frequency, and poor penetration through solid materials such as
concrete and brick. However, these high frequencies may also be used for outdoor
communication over a transmission range of about 150-200 meters as demonstrated

by recent channel measurements [3], [4], [7], [§]. Also, comparable coverage area and



much higher data rates than pWave networks can be achieved provided that the base
station density is sufficiently high and highly directional antennas are used [9]. With
the employment of directional antennas, mmWave cellular networks can be considered
as noise-limited rather than interference-limited [5], [10], [I1], [12], [13].

Evaluating the system performance of mmWave cellular networks is a crucial task
in order to understand the network behavior. Stochastic geometry has been identified
as a powerful mathematical tool to analyze the system performance of mmWave cel-
lular networks due to its tractability and accuracy. Therefore, in most of the recent
studies on mmWave cellular networks, spatial distribution of the BSs is assumed to
follow a point process and the most commonly used distribution is the Poisson point
process (PPP) due to its tractability and accuracy in approximating the actual cel-
lular network topology [14], [I5]. In [I5], authors provide a comprehensive tutorial
on stochastic geometry based analysis for cellular networks. Additionally, a detailed
overview of mathematical models and analytical techniques for mmWave cellular sys-
tems are provided in [16]. Since the path loss and blockage models for mmWave
communications are significantly different from pWave communications, three differ-
ent states, namely line-of-sight (LOS), non-line-of-sight (NLOS) and outage states,
are considered for mmWave frequencies [12], [13].

In addition to mmWave cellular networks, there are other new technologies and
designs under consideration for 5G cellular networks in order to meet the increasing
data demand. One of them is expected to be the deployment of dense low-power
small-cell BSs to assist the congested lower-density high-power large-cell BSs by of-
floading some percentage of their user equipments (UEs), resulting in a better quality
of service per UE [5], [14]. Additionally, in the case of unexpected scenarios such as
disasters, accidents, and other emergencies or temporary events requiring the exces-
sive need for network resources such as concerts and sporting events, it is important

to provide wireless connectivity rapidly [I7]-[19]. In such scenarios, the deployment



of unmanned aerial vehicle (UAV) BSs, also known as drone BSs, has attracted con-
siderable attention recently as a possible solution.

These aforementioned considerations motive us to conduct the current and pro-
posed research, which will be described later in more detail in this thesis. Firstly, the
analysis of average symbol error probability (ASEP) in mmWave cellular networks
with Poisson Point Process (PPP) distributed base stations (BSs) is conducted using
tools from stochastic geometry. Secondly, we employ stochastic geometry to analyze
the energy efficiency of relay-assisted downlink mmWave cellular networks. Then, we
provide an analytical framework to analyze heterogeneous downlink mmWave cellular
networks consisting of K tiers of randomly located BSs where each tier operates in a
mmWave frequency band. We further study the uplink performance of the mmWave
cellular networks by considering the coexistence of cellular and potential D2D UEs
in the same band. In addition to mmWave cellular networks, we also study the

performance of UAV assisted cellular networks.

1.1 Main Contributions

We summarize the main contributions of the thesis below:

In Chapter [2, we develop a mathematical framework for the analysis of average
symbol error probability (ASEP) in mmWave cellular networks with PPP distributed
BSs using tools from stochastic geometry. We incorporate the distinguishing features
of mmWave communications such as directional beamforming and having different
path loss laws for LOS and NLOS links in the average error probability analysis.
First, we obtain average pairwise error probability (APEP) expression by averaging
pairwise error probability (PEP) over fading and random shortest distance from mo-
bile user (MU) to its serving BS. Subsequently, we approximate average symbol error

probability from APEP using the nearest neighbor (NN) approximation. We analyze



ASEP for different antenna gains and base station densities. Finally, we investigate
the effect of beamforming alignment errors on ASEP to get insight on more realistic
cases. This chapter, as a conference paper, appeared in the Proceedings of the IEEE
Vehicular Technology Conference (VTC)-Fall in 2015 [20].

In Chapter [3, we analyze the energy efficiency of relay-assisted mmWave cellu-
lar networks with PPP distributed BSs and relay stations (RSs) using tools from
stochastic geometry. Following the description of the system model for mmWave cel-
lular networks, we compute the coverage probabilities for each link. Subsequently,
we model the average power consumption of BSs and RSs and determine the energy
efficiency in terms of system parameters. We also investigate the energy efficiency in
the presence of beamforming alignment errors to get insight on the performance in
practical scenarios. Finally, we analyze the impact of BS and RS densities, antenna
gains, main lobe beam widths, LOS interference range, and alignment errors on the
energy efficiency via numerical results. This chapter, as a conference paper, appeared
in the Proceedings of the IEEE Vehicular Technology Conference (VTC)-Fall in 2016
[21].

In Chapter [4, we provide an analytical framework to analyze heterogeneous down-
link mmWave cellular networks consisting of K tiers of randomly located BSs where
each tier operates in a mmWave frequency band. We derive the Signal-to-interference-
plus-noise ratio (SINR) coverage probability for the entire network using tools from
stochastic geometry. We take into account the distinguishing features of mmWave
communications such as directional beamforming and having different path loss laws
for LOS and NLOS links in the coverage analysis by assuming averaged biased-
received power association and Nakagami fading. We obtain a simpler expression
requiring the computation of only one numerical integral for coverage probability
by using the noise-limited assumption for mmWave networks. Also, we investigate

the effect of beamforming alignment errors on the coverage probability analysis to



get insight on the performance in practical scenarios. We also derive the downlink
rate coverage probability to get more insights on the performance of the network.
Moreover, we analyze the effect of deploying low-power smaller cells and the impact
of biasing factor on energy efficiency. Finally, we address a hybrid cellular network
operating in both mmWave and pWave frequency bands. This chapter, as a journal
paper, appeared in IEEE Transactions on Communications in 2017 [22], and, as a
conference paper, appeared in the Proceedings of the IEEE Global Communications
Conference (Globecom) in 2016 [23].

In Chapter b, we provide an analytical framework to analyze the uplink perfor-
mance of device-to-device (D2D)-enabled mmWave cellular networks. We derive the
SINR outage probabilities for both cellular and D2D links using tools from stochastic
geometry. We employ the distinguishing features of mmWave communications such
as directional beamforming and having different path loss laws for LOS and NLOS
links in the outage analysis by considering a flexible mode selection scheme and Nak-
agami fading. This chapter, as a conference paper, appeared in the Proceedings of
the IEEE Vehicular Technology Conference (VTC)-Fall in 2017 [24].

In Chapter [0, we provide an analytical framework to analyze the uplink perfor-
mance of D2D-enabled mmWave cellular networks with clustered D2D user UEs.
Locations of cellular UEs are modeled as a PPP, while locations of potential D2D
UEs are modeled as a Poisson Cluster Process (PCP). SINR outage probabilities are
derived for both cellular and D2D links using tools from stochastic geometry. The
distinguishing features of mmWave communications such as directional beamforming
and having different path loss laws for LOS and NLOS links are incorporated into
the outage analysis by employing a flexible mode selection scheme and Nakagami
fading. Also, the effect of beamforming alignment errors on the outage probability
is investigated to get insight on the performance in practical scenarios. Moreover,

area spectral efficiency (ASE) of the cellular and D2D networks are determined for



both underlay and overlay types of sharing. Optimal spectrum partition factor is
determined for overlay sharing by considering the optimal weighted proportional fair
spectrum partition. This chapter , as a journal paper, appeared in IEEE Transactions
on Wireless Communications in 2019 [25], and, as a conference paper, appeared in
the Proceedings of the IEEE Vehicular Technology Conference (VTC)-Fall in 2018
[26].

In Chapter [7] we provide an analytical framework to analyze the SINR coverage
probability of unmanned aerial vehicle (UAV) assisted cellular networks with clus-
tered UEs. Locations of UAVs and ground BSs are modeled as PPPs, and UEs are
assumed to be distributed according to a PCP around the projections of UAVs on
the ground. Initially, the complementary cumulative distribution function (CCDF)
and probability density function (PDF) of path losses for both UAV and ground
BS tiers are derived. Subsequently, association probabilities with each tier are ob-
tained. SINR coverage probability is derived for the entire network using tools from
stochastic geometry. Finally, ASE of the entire network is determined, and SINR
coverage probability expression for a more general model is presented by considering
that UAVs are located at different heights. Via numerical results, we have shown
that UAV height and path-loss exponents play important roles on the coverage per-
formance. Moreover, coverage probability can be improved with smaller number of
UAVs, while better area spectral efficiency is achieved by employing more UAVs and
having UEs more compactly clustered around the UAVs. This chapter, as a journal
paper, appeared in the IEEE Access in 2018 [27].

In Chapter [§] we provide an analytical framework to analyze the energy coverage
performance of UAV energy harvesting networks with clustered UEs. Locations of
UAVs are modeled as a PPP, while locations of UEs are modeled as a PCP. Two
different models are considered for the LOS probability function to compare their

effect on the network performance. Moreover, ultra-wideband (UWB) antennas with
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Figure 7.1: UAVs (black plus signs) and BSs (red squares) are distributed as independent
PPPs, UEs (blue dots) are normally distributed around projections of UAVs on the ground.

as 0'" tier that only includes the UAV at the cluster center of the typical UE similarly
as in [93] and [94]. Thus, our model consists of three tiers; a 0™ tier cluster-center
UAV, 1% tier UAVs, and 2"¢ tier ground BSs. The proposed network model is shown
in Fig. 7.1.

Link between a UAV and the typical UE can be either a line-of-sight (LOS) or
non-line-of-sight (NLOS) link. Path-loss in NLOS links is generally higher than the
path-loss in LOS links due to the reflection and scattering of signals. Therefore, an
additional path-loss is experienced in NLOS links. Specifically, the path-loss of LOS
and NLOS links in tier £ for £ = 0,1 can be modelled as follows [75], [96]:

Liros(r) = nrog(r? + H?)ros/?

Lixvos(r) = navos(r® + H?)*xwos/? (7.3)

where r is the distance between the typical UE and the cluster center of the UAVs

on the 2-D plane, i.e., projections of UAVs on the ground, H is the UAV height,
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aros and anpos are the path-loss exponents, 7r,0s and nnpos are the additional path
losses in LOS and NLOS links, respectively. Path-loss for the 2"¢ tier ground BSs
can be modeled by Lo(r) = ngr*s where np is the additional path-loss over the free
space path-loss and ap is the path-loss exponent. Similar to the UAV-to-typical
UE link, the link between a BS and the typical UE can have two states, namely
LOS and NLOS, with a LOS probability function which depends on the size and
the density of the blockages in the environment. When communication occurs in
mmWave frequency bands, the effect of blockages plays an important role and cause
a significant difference between the LOS and NLOS path losses in the BS-to-typical
UE link. Although the analysis of two-state path-loss model would be very similar to
that of the UAV-to-typical UE link, in this chapter, we consider the transmission in
lower frequencies in which the difference between the LOS and NLOS path losses is
not very large, and we model the path-loss in the link between the BS and the typical
UE using a single state. Regarding the probability of LOS in UAV links, different
models have been proposed in the literature. In this chapter, we adopt the model

proposed in [75]:

1

Pros(r) = 1+ bexp (_c (1#@ tan~! (%) - b)) i

where b and ¢ are constants which depend on the environment. As can be seen in
(7.4), probability of having a LOS connection increases as the height of the UAVs

increases.

7.2.1 Statistical Characterization of the Path Loss

We first characterize the complementary cumulative distribution function (CCDF)
and the probability density function (PDF) of the path-loss in the following lemmas

and corollaries.
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Lemma 7.1 The CCDF of the path-loss from the typical UE to a 0" tier UAV can

be formulated as

FLO(:E) = Z FLO,S ($>

s€{LOS,NLOS}

/ 2/055
se{LOS NLOS} (5)

where fp(d) and Pros(r) are given in and , respectively, and Pyros(r) =
1 — ,PLOS("’)-

(m) fo(d)dd (7.5)

Proof: See Appendix [l

Lemma 7.2 CCDF of the path-loss from the typical UE to a 1% tier UAV is given

by
Fi, (z) = exp(=A1 ([0, 2))) (7.6)

where A1([0,x)) is defined as follows:

Ai([0,2)) = A1 Los([0, 7)) + Ay NLOS([O 37))

,,7 2/ag

NS T
=Y o / P.(ryrdr. (7.7)

s€{LOS,NLOS}

Similarly, the CCDF of the path-loss from the typical UE to a 2" tier BS is given

by
Fp,(z) = exp(—Ay([0, z))) (7.8)

where Ay([0, 7)) = mAg(z/np)* 5.

Proof: See Appendix [J]
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Corollary 7.1 The PDF of the path-loss from the typical UE to a LOS/NLOS 0™

tier UAV can be computed as

dF;
fLo,s (z) = —I;;—;(x)

1 p2/es—1 2/as 1 2/as
= — x—Q/P (ﬁ) — H? | exp 5 ( ’ ) —H*|]. (7.9)
oz agns Ns 207 Ns

Corollary 7.2 The PDF of the path-loss from the typical UE to a LOS/NLOS 1%
tier UAV can be computed as

dFLl,s (:L‘)

le,s<x) = - dr

= M5([0,2)) exp(—Aq,4([0, 2))) (7.10)

where A} ([0, 7)) is obtained as follows using the Leibniz integral rule:

p2/as—1 2\ 2/
AL ([0,2)) = 27 Ay —57a7 Ps (77—) —H?|. (7.11)
045778 s

Similarly, the PDF of the path-loss from the typical UE to a 2™ tier BS is given by

fralw) = =T 0,2 exp( a0, 2) (1.12)

where A5([0,x)) = 27r)\B Sl

2/(13

7.2.2 Cell Association

In this work, we consider a flexible cell association scheme similarly as in [22], [50].
In this scheme, UEs are assumed to be associated with a UAV or a BS offering

the strongest long-term averaged biased-received power (ABRP). In other words, the
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typical UE is associated with a UAV or a BS in tier-k for £k =0, 1,2 if
PyByLi(r)™" > P;B;Lypin j(r) ' for all j = 0,1,2,7 # k (7.13)

where P and B denote the transmit power, and biasing factor, respectively, in the
corresponding tier (indicated by the index in the subscript), Ly(r) is the path-loss
in the k'™ tier as formulated in , and Ly ;(r) is the minimum path-loss of the
typical UE from a UAV or BS in the j* tier. In the following lemmas, we provide the
association probabilities with a UAV/BS in the k' tier using the result of Lemma 1

and Corollary 1.

Lemma 7.3 The probability that the typical UE is associated with a 0" tier LOS/NLOS
UAV is

o0

AO,S - fLo,s (lo,s)ei Zi:l Aj([o,%lo’é‘))dl[),s (714)

ns H%s

for s € {LOS , NLOS} where Ay([0,2)), As([0,2)), and fr, (lo) are given in ,
(@, and , respectively. The probability that the typical UE 1s associated with a
1% tier LOS/NLOS UAV is

o BBy \ s (o5
A, = / N0, ) Fry (220, ) e S (Pmmie)) g, (715
’ n ’ ’ PlBl ’ ’

s H s

for s € {LOS , NLOS} where Fr,(x), and A} [([0,2)) are given in and ,

respectively.

The probability that the typical UE is associated with a 2™ tier BS is

0 _ [PyBo \ _x o a ([0 i5
Ay :/A’Z([O,b))FLO 050, \ o= St ([0 mait)) gy, (7.16)
0 P> Bs

where Ny([0,z)) is given in (7.19).
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Proof: See Appendix [K]

7.3 SINR Coverage Analysis

In this section, we develop a theoretical framework to analyze the downlink SINR
coverage probability for the typical UE clustered around the 0! tier UAV using

stochastic geometry.

7.3.1 Signal-to-Interference-plus-Noise Ratio (SINR)

The SINR experienced at the typical UE at a random distance r from its associated

UAV/BS in the k! tier can be written as

P.hy oLt
SINR;, = ’;k’o—k(r) (7.17)
o + z]‘ Ik
where
L= Z PihjLi} (r) (7.18)
iE@j\Sk’g

represents the sum of the interferences from the UAVs/BSs in the j* tier, hy g is the
small-scale fading gain from the serving BS, and o7 is the variance of the additive
white Gaussian noise component. Small-scale fading gains denoted by h are assumed
to have an independent exponential distribution in all links. According to the cell
association policy, the typical UE is associated with a BS/UAV whose path-loss is
Ly (r), and therefore there exists no BS/UAV within a disc of radius %Lk(r) cen-
tered at the origin. This region is referred to as the exclusion disc and is denoted by

Ero- [

2In this chapter, UAVs, BSs and UEs are assumed to have omnidirectional antennas, i.e. antennas
with unit gain. However, the analysis can be extended to the case of directional antennas without
much difficulty. For instance, in this case, one needs to multiply the transmit powers of the serving
and interfering UAVs/BSs with the antenna gain, and update the exclusion discs for each tier by
considering antenna beamwidth.
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7.3.2 SINR Coverage Probability

The SINR coverage probability P{(I';) is defined as the probability that the received
SINR is larger than a certain threshold I'y, > 0 when the typical UE is associated with
a BS/UAV from the k" tier, i.e., P{(I'y) = P(SINRy, > ['x|t = k) where ¢ indicates
the associated tier. The total SINR coverage probability P® of the network can be

computed as follows:

1

=Y. D [PLI0AL] + P A, (7.19)

k=0 sc{LOS,NLOS}

where PS’S(Fk) is the conditional coverage probability given that the UE is associated
with a k™ tier LOS/NLOS UAV, A, , is the association probability with the k™ tier
for k € {0,1}, and P§(T';) is the conditional coverage probability given that the UE
is associated with a BS in the 2" tier and Aj is the association probability with the
274 tier. In the following theorem, we provide the main result for the total network

coverage.

Theorem 7.1 : The total SINR coverage probability of the UAV assisted cellular

networks with clustered UEs is given as

PC =

Z /Oo FOZO Sd% (ﬁ (POZOS>) fLo,s(lO,s)e_Z?ZI Aj<{0 gjgél * )>dl05
SHOs =1

s€{LOS,NLOS}

2

1"1l1 5‘7% I'ily _ PyB
»S A/ l s F 0 Ol s
[ (H () ) Mo, ()

]:

SRR g,

[e’e] F21202 Fglg _ POBO 722 A 0, PjB.l
] (H‘fﬂ(>> M0, Py (gets) i Pt

(7.20)

se{LOS NLOS}
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where

o 1
,CIo,k (u) = Z /g Hu—WfLO’S/(x)dx (7.21)

s'€{LOS,NLOS}

©  yPxt
L = — — N\ . (d 7.22
et =TI exp< A e az)) (7.22)

s'€{LOS,NLOS}

Lr,, (u) = exp (— /:0 UPQ—:E—Ag(dx)> . (7.23)

2o Lt uPoz1

Proof: See Appendix [[]

General sketch of the proof is as follows: First, SINR coverage probability is
computed given that the typical UE is associated with a k! tier LOS/NLOS UAV
or a 2" tier BS. Subsequently, each of the conditional probabilities are multiplied
with their corresponding association probabilities, and then they are summed up
to obtain the total coverage probability of the network. In order to determine the
conditional coverage probabilities, Laplace transforms of interferences from each tier
are obtained using tools from stochastic geometry. We also note that although the
characterization in Theorem involves multiple integrals, the computation can be

performed relatively easily by using numerical integration tools.

7.4 Area Spectral Efficiency

In Section[7.3] we have analyzed the SINR coverage probability performance of a UAV
assisted cellular network with clustered UEs. In this section, we consider another
crucial performance metric, namely area spectral efficiency (ASE), to measure the

network capacity. ASE is defined as the average number of bits transmitted per unit
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time per unit bandwidth per unit area. It can be mathematically defined as follows:

1

ASE = (AU ( S > [PLLTR)A ) + ABPS(FQ)AQ) log,(1+T) (7.24)

k=0 se{LOS,NLOS}

where PgS(Fk) is the conditional coverage probability given that the UE is associated
with a k™ tier LOS/NLOS UAV for & € {0,1}, and P§(T';) is the conditional coverage
probability given that the UE is associated with a BS in the 2°¢ tier, A\ and Ap
are the average densities of simultaneously active UAV and BS links per unit area,
respectively. Note that ASE defined in is valid for a saturated network scenario,
i.e., each UAV and BS has at least one cellular UE to serve in the downlink. If the
network is not saturated, the presence of inactive UAVs and BSs will lead to increased
SINR (due to lower interference), and coverage probability will increase. However,

ASE may be lower as a result of fewer number of active links per unit area.

7.5 Extension to a Model with UAVs at Different

Heights

In the preceding analysis, we consider that UAVs are located at a height of H above
the ground, and H is assumed to be the same for all UAVs. However, the proposed
analytical framework can also be employed to analyze the coverage probability when
UAV height is not fixed, i.e., UAVs are assumed to be located at different heights. In
this setup, we assume that there are M groups of UAVs such that the m'™ UAV group
is located at the height level H,,, form = 1,2,..., M and UAVs at each height level can

be considered as a UAV-tier distributed according to an independent homogeneous

M
m=1

PPP with density of Ay, and the total density is equal to ) Aum = Ap. Different
from the preceding analysis in which we have considered a single typical UE located

at the origin and named its cluster center UAV as 0" tier UAV, a separate typical
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UE for each UAV tier needs to be considered in the coverage probability analysis
for this model with UAVs at different heights. For example, when we are analyzing
the coverage probability of the network for a UE clustered around an m'" tier UAV,
we assume that the typical UE is located at the origin and its cluster center UAV
is considered as the 0 tier UAV similar to the previous model. Therefore, SINR

coverage probability of the network given that the typical UE is clustered around an

m™ tier UAV for m = 1,2, ..., M can be computed as follows:
M
PSL:Z Z [P%,k,s(rk)-Am,k,S] + P%,MH(FMH)Am,MJrl’ (7'25>
k=0 se{LOS,
NLOS}
where P%k,s(f‘k) is the conditional coverage probability given that the typical UE is

clustered around an m™ tier UAV and it is associated with a k"™ tier LOS/NLOS UAV,
A ks is the association probability with a k™ tier LOS/NLOS UAV, PS@,M+1(FM+1)
is the conditional coverage probability given that the typical UE is clustered around
an m'™® tier and it is associated with a BS in the (M + 1) tier, and A, ar+1 is the

association probability with the (M + 1) tier.

Theorem 7.2 SINR coverage probability of the network given that the typical UFE is
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clustered around an m™ tier UAV is given as

PS =

m
o _Tolgusd (A Tl _yMai g (o, BB
> / © (H Efm( 33(?’8> Fro(lo,)e” =7 AJ([O’PéBélO’S»dlo,s
=1

se{LOS,NLOS} /s Hm’ j

M o0 Tplpso? (ML o P B
- » klk,s — 050
+Z Z / e (H Ly ( j2 ) s ([05 L)) F Ly <PkBklk,s>
=0

k=1 se{LOS,NLOS} * " H1°

‘e Zfﬁlf\j([(”%’kﬁs)>dzk7s

oo Tarilmroiper (M4 Cargal . PyB
N / o ML (H L <M+1M+1> AL, Ings1)) P, <MZM+1>
0 .
J=0

P Priy1 B

S MA1 PiBj
< e 251 AJ({O’PA4+iBZ\/1+1lM+1>)dlM+1 (7.26)

Proof: Derivation of PSI follows similar steps as that of P® in . In particular,
Laplace transforms Ly, and Ly, for j =1,2,..., M are computed using the Laplace
transform equations given in and , respectively, by updating UAV height
as H; and UAV density as A; for j = 0,1,..., M. Similarly, £y, is computed
using the Laplace transform expression given in . Ai([0,2)) for j=1,2,.... M
and A}, (([0,7)) for k = 1,2,..., M are computed using the equations A;([0, 7)) and
A’ ,([0,2)) given in and ([7.11]), respectively, by inserting the UAV height and
UAV density for each tier. Similarly, Ap/41([0,2)) and A%, ([0, x)) are obtained using
the equations for the 2" tier BSs, A5([0,x)) and A5([0, x)), respectively. Furthermore,
Fi,(z) and fi,,(x) are computed using and , respectively, by denoting the
UAV height as H,,.
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Table 7.1: System Parameters

Description Parameter Value
Path-loss exponents a1,08, ANLOS, & | 3, 3.5, 3.5

Average additional path-loss NLOS, NLOS; 1B 1,10, 1
for LOS and NLOS

Environment dependent b, c 11.95, 0.136

constants

Height of UAVs H 10m

Transmit power Py, P, P» 37dBm, 37dBm,
40dBm

UAV and BS densities AU, AB 10~%,107° (1/m?)

Biasing factor, SINR threshold, | By, 'y, a,% vk 1, 0dB, -90dBm

noise variance

UEs distribution’s variance o> 25

7.6 Simulation and Numerical Results

In this section, theoretical expressions are evaluated numerically. We also provide sim-
ulation results to validate the accuracy of the proposed model for the UAV-assisted
downlink cellular network with clustered UEs as well as to confirm of the analyt-
ical characterizations. In the numerical evaluations and simulations, unless stated
otherwise, the parameter values listed in Table are used.

First, we investigate the effect of UE distribution’s standard deviation o. on the
association probability for different values of the UAV height H in Fig. As the
standard deviation increases, the UEs have a wider spread and the distances between
the 0 tier UAV and UEs also increase. As a result, association probability with the
0" tier UAV decreases, while association probability with 1% tier UAVs and 29 tier
ground BSs increases. Similarly, 0*" tier association probability decreases also with the
increase in the heights of the UAVs due to increase in the relative distances between
the 0' tier UAV and UEs. Association probability with 2°¢ tier BSs increases, while
association probability with 15 tier UAVs remains almost unchanged. The intuitive
reason behind this behavior is that when all UAVs are at a higher height, UEs are still

more likely to be associated with the 0" tier UAV, which is at the center of cluster,
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Figure 7.2: Association probability as a function of UE distribution’s standard deviation
o for different values of UAV height H. Simulation results are also plotted with markers.

rather than 1% tier UAVs. Therefore, more UEs get connected to the ground BSs if
the UAV height increases. Finally, we note that simulation results are also plotted
in the figure with markers and there is a very good match between simulation and
analytical results, further confirming our analysis.

Next, in Fig. m we plot the SINR coverage probabilities of different tiers (i.e.,
PE, PF and PE) and also the total SINR coverage probability P¢ as a function of
the SINR threshold for different values of UAV height H. As seen in Fig. UEs
are more likely to be associated with the 0 tier UAV, which is the UAV at their
cluster center, and therefore we observe in Fig. that the coverage probability of
0 tier UAV is much higher than that of 15 tier UAVs and 2°¢ tier BSs. Fig. also
demonstrates that the total coverage probability gets worse with the increasing UAV
height as a result of the increase in the distances between the 0" tier UAV and UEs.
As also noted in Fig. this increase in the distances causes coverage probability
of ground BSs to increase. Also similarly as before, since the association probability

with the 1 tier UAVs remains almost unchanged with the increasing UAV height,
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Figure 7.3: SINR Coverage probability as a function of the threshold in dB for different
values of UAV height H. Simulation results are also plotted with markers.

their coverage probability also remains same.

In Fig. [7.4], the effect of path-loss exponents on the coverage probability is in-
vestigated at different values of the UAV height by assuming apos = anLos = agp
(additional path-loss for NLOS UAV links, nnpos, is still present.). Coverage prob-
ability initially improves when the path-loss exponents increase, but then it starts
diminishing. As path-loss exponents increase, received power from the serving UAV
or BS decreases, but the received power from interfering nodes also diminishes re-
sulting in an increase in the coverage performance. However, further increasing the
path-loss exponents deteriorates the coverage performance. Therefore, there exists an
optimal value for path-loss exponents in which the coverage probability is maximized
and this optimal value changes for different values of UAV height. For instance, we
notice in the figure that the optimal value decreases when the UAV height increases.
Increasing the height reduces the received power from the serving UAV, and hence
lower path-loss exponent is preferred to optimize the performance. Another observa-

tion from Fig. [7.4]is that coverage probability performance is not affected significantly
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Figure 7.4: SINR coverage probability as a function of the path-loss exponents aros =
anros = ap for different values of UAV height H. Simulation results are also plotted with
markers.

from varying the path-loss exponent if the UAV height is small.

Next, SINR coverage probability is plotted as a function of the SINR threshold
for different values of UAV density Ay in Fig. As shown in the figure, increase
in the UAV density results in a degradation in the coverage probability. Since UEs
are clustered around the projections of UAVs on the ground, they are more likely to
be associated with the 0% tier UAV, i.e., the UAV at their cluster center. Therefore,
increasing UAV density results in higher interference levels from other UAVs and
consequently lower coverage probabilities. However, as we have shown in Fig.
increase in UAV density leads to higher area spectral efficiency (ASE) because more
UEs are covered in the network.

Specifically, in Fig. [7.6] we plot ASE as a function of the UAV density Ay for
different values of standard deviation o, of the UE distribution. As the UAV density
Au increases, ASE first increases and then starts decreasing. This shows that there
exists an optimal value for A\ maximizing the ASE. Below this optimal value, in-

creasing UAV density Ay helps improving the spatial frequency reuse. However, after
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Figure 7.5: SINR coverage probability as a function of the threshold in dB for different
values of UAV density Ay. Simulation results are also plotted with markers.

this optimal value, the effect of the increased received power from interfering UAVs
offsets the benefit of covering more UEs due to having more UAVs. Furthermore,
decrease in the UE distribution’s standard deviation o, results in a higher ASE for
the same value of A\y;. Smaller 0. means that UEs are, on average, more compactly
packed around the cluster center, and hence the distance between the UAV at the
cluster center is shorter. Therefore, coverage probability is improved for smaller o..
Also, optimal value for Ay increases with decreasing o, indicating that more UAVs
can be deployed to support more UEs if UEs are located compactly in each cluster.
Finally, in Fig. [7.7, we plot the SINR coverage probability as a function of the
SINR threshold for two different values of the UE distribution’s standard deviation
o. when UAVs are assumed to be located at different heights. In this setup, we
use the same parameters given in Table with some differences for UAV height
and UAV density. More specifically, we consider M = 2 groups of UAVs located at
altitudes H; = 10m and Hy = 20m with densities \y; = Ap2 = Ay/2 and transmit

powers P = P, = 37dBm. Therefore, transmit power of the 0** UAV is also equal
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Figure 7.6: Area spectral efficiency (ASE) as a function of UAV density Ay for different
values of UE distribution’s standard deviation .. Simulation results are also plotted with
markers.

to Py = 37dBm. Moreover, transmit power of the 3™ tier ground BSs is equal to
P3 = 40dBm. In Fig. [7.7] solid lines plot the coverage probabilities when the height
is the same for all UAVs. Dashed lines display the coverage probabilities when half
of the UAVs are located at height H; and the other half are located at height Hs,
and the typical UE is clustered around a UAV at either height H; or Hy. As shown
in the figure, for 0. = 5 when the typical UE is clustered around a UAV at height
H, = 10m in the model with two different UAV heights, it experiences almost the
same coverage performance with the typical UE when all UAVs are at the same height
of Hi = 10m. The same observation can be made for the case of Hy, = 20m. On
the other hand, when o, gets larger (and hence the UEs are more widely spread
around the cluster-center UAV), coverage performance in the model with UAVs at
two different height levels becomes worse than that of the case in which all UAVs are
at the same height. Moreover, coverage performances for the typical UEs clustered
around UAVs at heights H; = 10m and Hs = 20m approach each other. There are

mainly three reasons behind these results: 1) association probability with the other
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UAVs and BSs rather than the cluster-center 0% tier UAV increases for larger values
of o. (e.g., see Fig. [7.2); 2) when the typical UAV is clustered around a UAV at
height H; = 10m, interference from half of the UAVs located at height Hy = 20m is
smaller than that if all UAVs were at the same height of H; = 10m, but at the same
time if the UE is associated not with its cluster center UAV but with a UAV at height
Hy; = 20m, link distance will be larger, adversely affecting the coverage probability;
3) when the typical UE is clustered around a UAV at height Hy = 20m, interference
from half of the UAVs located at the lower height of H; = 10m is greater but if the UE
is associated with a non-cluster-center UAV at height H; = 10m then the link quality
can be better due to shorter distance. Hence, there are several interesting competing
factors and tradeoffs. As a result, we observe in the case of large o, that due to either
increased interference or higher likelihood of being associated with a UAV at a larger
height, coverage performances in the model with different UAV heights get degraded

compared to the scenario in which all UAVs are at the same height.

7.7 Conclusion

In this chapter, we have provided an analytical framework to compute the SINR
coverage probability of UAV assisted cellular networks with clustered UEs. Moreover,
we have formulated the ASE, and investigated the effect of UAV density and standard
deviation of the UE distribution on the ASE. Furthermore, we have presented SINR
coverage probability expression for a more general model by considering that UAVs
are located at different heights. UAVs and ground BSs are assumed to be distributed
according to independent PPPs, while locations of UEs are modeled as a PCP around
the projections of UAVs on the ground and UEs are assumed to be connected to the
tier providing the maximum average biased-received power.

Using numerical results, we have shown that standard deviation of UE distribu-
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Figure 7.7: SINR coverage probability as a function of the threshold in dB for two dif-
ferent values of the UE distribution’s standard deviation g.. Solid lines show the coverage
probabilities when half of the UAVs are located at height H; = 10m and the other half are
located at height Ho = 20m, and the typical UE is clustered around a UAV at either height
H 1 Or HQ.

tion o, and UAV height H have significant impact on association probabilities. For
instance, less compactly located UEs and higher UAV height lead to a decrease in
the association with the cluster center UAV. We have also shown that total coverage
probability can be improved by reducing the UAV height as a result of the decrease
in the distances between cluster center UAV and UEs. Moreover, path-loss exponents
play a crucial role in the coverage performance if the UAV height is high, and there
exists an optimal value for path-loss exponents in which the coverage probability is
maximized. Another important observation is that smaller number of UAVs results in
a better coverage performance, while deployment of more UAVs lead to a higher ASE.
Furthermore, a higher ASE can be achieved if the UES are located more compactly

in each cluster.
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Chapter 8

Energy Harvesting in Unmanned
Aerial Vehicle Networks with 3D

Antenna Radiation Patterns

In this chapter, an analytical framework is provided to analyze the energy coverage
performance of unmanned aerial vehicle (UAV) energy harvesting networks with clus-
tered user equipments (UEs). Locations of UAVs are modeled as a Poison Point Pro-
cess (PPP), while locations of UEs are modeled as a Poisson Cluster Process (PCP).
Two different models are considered for the line-of-sight (LOS) probability function to
compare their effect on the network performance. Moreover, ultra-wideband (UWB)
antennas with doughnut-shaped radiation patterns are employed in both UAVs and
UEs, and the impact of practical 3D antenna radiation patterns on the network per-
formance is also investigated. Initially, the complementary cumulative distribution
function (CCDF') and probability density function (PDF) of path losses for each tier
are derived. Subsequently, association probabilities with each tier are obtained. En-
ergy coverage probability is derived for the entire network using tools from stochastic

geometry. Via numerical results, we have shown that cluster size and UAV height
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play crucial roles on the energy coverage performance. Furthermore, energy coverage
probability is significantly affected by the antenna orientation and number of UAVs

in the network.

8.1 Introduction

In order to meet the growing data demand due to increasing use of smart phones,
portable devices, and data-hungry multimedia applications, new technologies and
designs have been under consideration for 5G cellular networks. As we discussed in
Chapter [7], one of them is expected to be the deployment UAV BSs. UAVs have been
primarily considered as high-altitude platforms at altitudes of kilometers to provide
coverage in rural areas. On the other hand, use of low-altitude UAVs has also become
popular recently due to the advantage of having better link quality in shorter-distance
line-of-sight (LOS) channels with the ground users. Moreover, owing to the relative
flexibility in UAV deployments, UAV BSs can be employed in a variety of scenarios
including public safety communications and data collection in Internet of Things (IoT)
applications. Other scenarios include disasters, accidents, and other emergencies and
also temporary events requiring substantial network resources in the short-term such
as in concerts and sporting events, in order to provide wireless connectivity rapidly
[T7]—[19].

In addition to growing data traffic, increasing number of devices results in a sig-
nificant growth in energy demand. RF (radio frequency) energy harvesting where
a harvesting device may extract energy from the incident RF signals has emerged
as a promising solution to power up low-power consuming devices [97], [98]. There-
fore, the advances in energy harvesting technologies have motivated research in the
study of different wireless energy harvesting networks. For example, wireless energy

and/or information transfer in large-scale millimeter-wave and microwave networks
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has been studied in [99]-[102]. In these works, energy is harvested wirelessly from
energy transmitters which are generally deployed at fixed locations. However, low-
power consuming devices can potentially be distributed in a large area, and in such
cases the performance of energy harvesting will be limited by the low end-to-end
power transmission efficiency due to the loss of RF signals over long distances [103].

In order to improve the efficiency, instead of fixed energy transmitters such as
ground base stations (BSs), the deployment of mobile energy transmitters is pro-
posed recently. In particular, UAV-assisted energy harvesting has become attractive
due to the flexibility and relative ease in deploying UAV BSs. In [104], mobility of
the UAV with a directional antenna is exploited by jointly optimizing the altitude,
trajectory, and transmit beamwidth of the UAV in order to maximize the energy
transferred to two energy receivers over a finite charging period. In [103], authors
consider a more general scenario with more than two energy receivers where the
amount of received energy by all energy receivers is maximized via trajectory control.
In [I05], a UAV-enabled wireless power transfer network is studied as well. Minimum
received energy among all ground nodes is maximized by optimizing the UAV’s one-
dimensional trajectory. Both downlink wireless power transfer and uplink information
transfer is considered in [I06] with one UAV and a set of ground users in which the
UAV charges the users in downlink and users use the harvested energy to send the
information to the UAV in the uplink. Similarly, a wireless-powered communication
network with a mobile hybrid access point UAV is considered in [I07] where the UAV
performs weighted energy transfer and receives information from the far-apart nodes
based on the weighted harvest-then-transmit protocol.

In a separate line of research in the literature, the performance of UAV-assisted
wireless networks is extensively studied recently. Similar to 2D networks, stochastic
geometry has been employed in the network level analysis of UAV networks by consid-

ering UAVs distributed randomly in 3D space. Effect of different network parameters
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on the coverage probability is explored in several recent works such as [27], [76],
[77]. Spectrum sharing in UAV networks is analyzed in [79], [84], [L08]. Additionally,
optimal deployment of UAVs is investigated in [80]—[83].

It is important to note that the antenna number, type, and orientation are critical
factors that affect the performance in UAV-assisted networks. Indeed, several recent
studies, e.g., [109] and [I10], have addressed scenarios in which antenna arrays are
deployed in UAV-assisted cellular networks. Regarding the antenna type, omnidirec-
tional antennas can be used especially considering the mobility of UAVs [I11]. At
the same time, since even the UAV’s own body can shadow the antenna and result
in a poor link quality, the orientation of the antennas plays an important role on
the performance [112]. There has been limited analytical and experimental works
studying the effect of three dimensional (3D) antenna radiation patterns on the link
quality between the UAV and ground users. In [I12], impact of antenna orientation
is investigated by placing two antennas on a fixed wing UAV flying on a linear path
with 802.11a interface. Similarly, path loss and small-scale fading characteristics of
UAV-to-ground user links are analyzed with a simple antenna extension to 802.11
devices in [113]. In [IT4], ultra-wideband (UWB) antennas with doughnut-shaped
radiation patterns are employed at both UAVs and ground users to analyze the link
quality at different link distances, UAV heights, and antenna orientations. Authors
develop a simple analytical model to approximate the impact of the 3D antenna ra-
diation pattern on the received signal. However, none of these works study the effect
of UAV antenna orientation on the network performance.

Similar to Chapter [7], in this chapter we also consider a UAV network consisting
of UAVs operating at a certain altitude above ground. While we model the locations
of UAVs as Poisson Point Process (PPP) distributed, locations of UEs are modeled
as a Poisson cluster process (PCP). Since UAVs are deployed in overloaded scenarios,

locations of UAVs and UEs are expected to be correlated and UEs are more likely
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to form clusters. Hence, modeling the UE locations by PCP is more appropriate and
realistic. Moreover, we consider that UWB antennas with doughnut-shaped radiation
patterns are employed at both UAVs and UEs, and we study the effect of practical
3D antenna radiation patterns on the network performance.

More specifically, our main contributions can be summarized as follows:

e An analytical framework is provided to analyze energy coverage performance of
a UAV network with clustered UEs by employing tools from stochastic geometry.
Locations of UEs are modeled as PCP distributed to capture the correlations

between the UAV and UE locations.

e We divide the network into two tiers: 0" tier UAV and 15° tier UAVs. 0 tier
UAV is the cluster center UAV around which the typical UE is located, while

other UAVs constitute the 15 tier.

e Two different LOS probability functions, i.e., a high-altitude model and a low-
altitude model, are considered in order to investigate and compare their impact

on the network performance.

e Different from the previous studies, more practical antennas with doughnut-
shaped radiation patterns are employed at both UAVs and UEs to provide a

more realistic performance evaluation for the network.

o We first derive the CCDFs and the PDFs of the path losses for each tier, then
obtain the association probabilities by using the averaged received power UAV

association rule.

e Total energy coverage probability is determined by deriving the Laplace trans-

forms of the interferences from each tier using tools from stochastic geometry.
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8.2 System Model

In this section, the system model for a UAV network with clustered UEs is presented.
We consider a downlink network, where the UAVs are spatially distributed according
to an independent homogeneous PPP & with density Ay on the Euclidean plane.
UAVs are placed at a height of H above the ground. UAVs are deployed to provide
relief to the ground cellular BSs by offloading traffic from them around hotspots or
large gatherings such as sporting events or concerts. In energy harvesting applications,
UAVs can be used to transfer energy to e.g., ground sensors, to energize them. They
can also be deployed during emergencies or other instances during which ground BS
resources are strained [85]. UEs are clustered around the projections of UAVs on
the ground, and the union of cluster members’ locations form a PCP, denoted by
®o. Since UEs are located in high UE density areas, they are expected to be closer
to each other, forming clusters. Therefore, PCP is a more appropriate and accurate
model than a homogeneous PPP.

In this chapter, we model ®- as a Thomas cluster process, where the UEs are
symmetrically independently and identically distributed (i.i.d.) around the cluster
centers (which are projections of UAVs on the ground), according to a Gaussian
distribution with zero mean and variance 0. The probability density function (PDF)
and complementary cumulative distribution function (CCDF) of a UE’s location are

given, respectively, by [40]

d d? 9
. C d2 [+
Fp(d) = exp (—@> , deR? (8.2)

where d is the 2D distance of a UE with respect to the cluster center on the ground.
Without loss of generality, a typical UE is assumed to be located at the origin accord-

ing to Slivnyak’s theorem, and it is associated with the UAV providing the maximum
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Figure 8.1: Network model for a UAV energy harvesting network. BSs are distributed as
a PPP, while UEs are normally distributed around the cluster centers (projections of UAVs
on the ground). Both BS and UEs are equipped with UWB antennas with different antenna
orientations.

average received power. Although we have only one tier network composed of UAVs,
we also consider an additional tier, named as 0" tier that only includes the cluster
center of the typical UE similarly as in [27] and [93]. Thus, our network model can
be considered as a two-tier network consisting of a 0" tier cluster-center UAV and

1% tier UAVs. The proposed network model is shown in Fig. [8.1

8.2.1 Path Loss and Blockage Modeling

A transmitting UAV can either have a line-of-sight (LOS) or non-line-of-sight (NLOS)
link to the typical UE. Consider an arbitrary link of length r between a UE and a
UAV, and define the LOS probability function as the probability that the link is
LOS. Different LOS probability functions have been proposed in the literature. In
this chapter, we adopt the two models proposed in [75] and [115], which are high-
altitude and low-altitude models, respectively.

High-altitude model is widely used especially in satellite communications where
the altitude is around thousands of meters. It has also been widely employed in UAV-

assisted networks recently. LOS probability function for the high-altitude model is
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given as follows:

1

"= <1+bexp (—e (sin " (%) —b>>> |

where r is the 3D distance between the UE and UAV, H is the UAV height, b and ¢

Pros (8.3)

are constants which depend on the environment. As can be seen in , probability
of having a LOS connection increases as the height of the UAVs increases.

Since practical values for UAV height in certain applications is around 50~100
meters, a more realistic LOS probability function proposed for 3GPP terrestrial com-
munications is employed also for UAV networks in [I15]. The height of a macrocell
base station is usually around 32 m, which is comparable to the practical UAV height.
Therefore, employment of the LOS probability function for 3GPP macrocell-to-UE
communciation is also reasonable for the UAV networks in such relatively low-altitude

scenarios. For the low-altitude model, LOS probability function is expressed as

Piogs(r) = min (1, 1—rg) (1 — exp <—é>> + exp (—é—g) . (8.4)

Note that different from the high-altitude model, LOS probability function in (8.4)
decreases with the increase in the 3D distance r, independent of the UAV height.
In Fig. 8.2, LOS probability function is plotted using high-altitude and low-altitude
models. Solid lines show the LOS probability as a function of the UAV height H when
the 2D distance to the cluster center UAV is fixed at d = 10 m, and dashed lines
display the LOS probability as a function of the 2D distance to the cluster center UAV
d when the UAV height is H = 50 m. As shown in Fig. [8.2] LOS probability increases
with increasing UAV height when the high-altitude model is used, and decreases when
the low-altitude model is considered. We observe that the LOS probability decreases
for both models as the 2D distance to the cluster center UAV increases. We also

note that the analysis in the remainder of the chapter is general and is applicable to
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Figure 8.2: LOS probability function for high-altitude and low-altitude models as a function
of (a) UAV height H and (b) 2D distance to the cluster center UAV d.

any LOS probability function. Only in Section [8.5] we employ the LOS probability
functions in and to obtain the numerical results.

Path loss in NLOS links is generally higher than the path-loss in LOS links due to
the reflection and scattering of signals. Therefore, different path loss laws are applied
to LOS and NLOS links. Thus, the path loss on each link in tier k for £ = 0,1 can
be expressed as follows:

Lipos(r) = rores
(8.5)

Ly Npos(r) = roNeos,

where ar,05 and anros are the LOS and NLOS path-loss exponents, respectively.

8.2.2 3D Antenna Modeling

In this chapter, we adopt the analytical model developed in [114] for the effect of
3D antenna radiation patterns on the received signal. UWDB transmitter and receiver
antennas with doughnut-shaped radiation patterns are placed at the UAV and UE;,
respectively, and air-to-ground channel measurements are carried out in order to

characterize the impact of the 3D antenna radiation pattern on the received signal for
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different antenna orientations in [I14]. As a result of these measurements, transmitter
and receiver antenna gains are modeled analytically for horizontal-horizontal (HH),

horizontal-vertical (HV) and vertical-vertical (VV) antenna orientations as follows:

(

sin(f)sin(d) for HH

Gi(0) = Grx(0)Grx(0) = { sin()cos(d) for HV, (8.6)

cos(f)cos(d) for VV

\

where 6 is the elevation angle between the transmitter at the UAV and the receiver at
the UE on the ground. In this antenna model, radiation pattern is approximated by
a circle in the vertical dimension, while it is assumed to be constant for all horizontal
directions. In other words, antenna gains depend only on the elevation angle 6, and
are considered as independent of the azimuth angle between the transmitter at the
UAV and the receiver at the UE. Approximated antenna radiation patterns of UAV
and UE are shown in Fig. for HH antenna orientation. They can be plotted for
HV and VV orientations as well by rotating the transmitter and/or receiver antennas
by 90°. Note that for HH antenna orientation Grx(0) = Grx — 0 as € — 0 which
happens when the UEs are located far away from the cluster center, i.e. as the
0. increases, and Grx(f) = Grx — 1 as § — 90° which happens when the UEs
get closer to the cluster center. Similar observations can be drawn for VH and VV
antenna orientations. Effective antenna gain G as a function of r can be rewritten

in terms of UAV height H and the path loss on each link in tier k for £k = 0,1 as

follows: )
H2Ly & (r) for HH
2 _2
Gr(r)y=<¢ H < L,j;(r) — H2> Lk;s (r) for HV (8.7)
2 _2
\ <Lljss (r) — H2> Ly ¢ (r) for VV.

In the rest of the analysis, we assume that the typical UE and all UAVs in the
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Figure 8.3: Approximated antenna radiation pattern for HH antenna orientation.

network have horizontal antenna orientation. Therefore, HH antenna orientation for
the main link and interfering links are considered due to its analytical tractability.
Moreover, UEs are considered to be clustered around the projections of UAVs on the
ground and more UEs are encouraged to be associated with their cluster center UAV.
As a result, the angle between the transmitter at the UAV and the receiver at the UE
is expected to be large. Therefore, HH antenna orientation is more suitable than the
other two orientations. However, in the numerical results section, simulation results
for HV and VV orientations are also provided in order to compare their effect on the

UAV association and energy coverage probabilities.
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8.3 Path Loss and UAV Association

8.3.1 Statistical Characterization of the Path Loss

We first characterize the complementary cumulative distribution function (CCDF)
and the probability density function (PDF) of the path loss in the following lemmas

and corollaries.

Lemma 8.1 The CCDF of the path loss from a typical UE to a 0" tier UAV can be

formulated as

FLO (ZE) = Z FLO,S (l‘)

s€{LOS,NLOS}

_Z/;%H

s€{LOS,NLOS}

Py(vVd?+ H?)fp(d)dd, (8.8)

where fp(d) is given in (8.1]), Ps(-) is the LOS or NLOS probability depending on
whether s = LOS or s = NLOS[I

Proof: See Appendix [M]

Lemma 8.2 CCDF of the path loss from a typical UE to a 15 tier UAV is given by

FLI (‘T) - H FLLS (SL’) = H €xp ( - ALS([O> l‘))), (89)

s€{LOS,NLOS} s€{LOS,NLOS}

where Ay ([0, z)) is defined as follows:

A1 ([0,2)) = 27T/\U/ Ps(r)rdr. (8.10)

H

'For instance, LOS probability is given by (8.3) and (8.4) for the high-altitude and low-altitude
models, respectively, and NLOS probability is Pxp,os = 1 — PLos
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Proof: See Appendix [N]
Corollary 8.1 The PDF of the path loss from a typical UE to a 0™ tier LOS/NLOS

UAV can be computed by using the Leibniz integral rule as follows:

_ dFLO,s (x)

fLo,s(w) = dr

1 2s 1 1 1 2
= ﬁxa P, (x?) exp <—202 (1;(7 - H2)> ) (8.11)

Corollary 8.2 The PDF of the path loss from a typical UE to a 1% tier LOS/NLOS

UAV can be computed as

_ dFLl,s (‘/L‘)

fuan (@) = = FE2E A (0 ) ep (— Anel(0,2))), (812

where A} ([0, 7)) is obtained as follows using the Leibniz integral rule:

2 1

N (0,2) = 20 T, (o). 813)

s

In the results above, we have determined the CCDFs and PDFs of the path loss
for each tier. They depend on the key network parameters including the variance of
the cluster process o2, UAV density \;;, UAV LOS probability P,(-), UAV height H
and path loss exponents a,. In the following sections, these distributions are utilized

in determining the association and energy coverage probabilities.

8.3.2 Cell Association

In this work, UEs are assumed to be associated with a UAV offering the strongest

long-term averaged power. In other words, a typical UE is associated with its cluster



center UAV, i.e., the 0" UAV, if

PoGo(r) Lo (r) = PyG1(r) Lygiy 1 (1),
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(8.14)

where Py, and Gg(r) denote the transmit power and antenna gain of the link, respec-

tively, in tier k € (0,1). Lo(r) is the path loss from the 0" tier UAV, and Lyyin1(7)

is the path loss from 1% UAV providing the minimum path loss. In the following

lemma, we provide the association probabilities using the result of Lemmas [8.1| and

and Corollaries and 8.2

Lemma 8.3 The association probabilities with a 0% tier LOS/NLOS UAV and 1°

tier LOS/NLOS UAV are given, respectively, as

© — P1 %—i—l %
'AO’S - /Hﬂs H FLl,m ((FOZO,; ) > fLo,s(l(),S)le,S?

me{LOS,NLOS}

[ee} _ PO %+1 am+2 _
Al,s == /as Z FL()’m ((Eh; ) > FLLS/(ll,s)fLLS (ll,s)dl1,37

me{LOS,NLOS}

where s,s" € {LOS, NLOS} and s # §'.

Proof: See Appendix [O]

8.4 Energy Coverage Probability Analysis

(8.15)

(8.16)

In this section, we develop a theoretical framework to analyze the energy coverage

probability for a typical UE clustered around the 0% tier UAV (i.e., its own cluster-

center UAV) using stochastic geometry.
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8.4.1 Downlink Power Transfer

The total power received at a typical UE at a random distance r from its associated

UAV in the k'™ tier can be written as
1
Pop=Sc+ Y Ly for k=01, (8.17)
=0

where the received power from the serving UAV S} and the interference power received

from the UAVs in the j™ tier [, are given as follows:

Sk = Pka(T)thOlel(T’), (818)
Io1 = PyGo(r)hooLy (7)), (8.19)
I, = Z PGi(r)hy L7 (r), (8.20)

iecDU\gk:,O

where hy o and h;; are the small-scale fading gains from the serving and interfering
UAVs, respectively. Note that since only one UAV exists in the 0" tier, Io, = 0.
All links are assumed to be subject to independent Rayleigh fading, i.e., small-scale
fading gains denoted by h have an exponential distribution. According to the UAV
association policy, when a typical UE is associated with a UAV whose path loss is
Ly (r), there exists no UAV within a disc & centered at the origin. This region is

referred to as the exclusion disc.

8.4.2 Energy Coverage Probability

The energy harvested at a typical UE in unit time is expressed as Ej, = {F, ) where
¢ € (0,1] is the rectifier efficiency, and P, is the total received power given in
(8-17). Since the effect of additive noise power is negligibly small relative to the total
received power, it is omitted [99]. The conditional energy coverage probability EE(Fk)

is defined as the probability that the harvested energy Ej is larger than the energy
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outage threshold I'y > 0 given that the typical UE is associated with a UAV from
the k™ tier, i.e., E{(I'y) = P(Ey > I'x|t = k) where ¢ indicates the associated tier.
Therefore, total energy coverage probability E¢ for the typical UE can be computed

as follows:

= > [EL@O0A, (8.21)

k=0 se{LOS,NLOS}

where Egs(f‘k) is the conditional energy coverage probability given that the UE is
associated with a k™ tier LOS/NLOS UAV, A, , is the association probability. In
the following theorem, we provide the main result for the total energy coverage prob-

ability.

Theorem 8.1 In a UAV network with practical antenna radiation patterns and clus-
tered UEs, the total energy coverage probability for the typical UE is approximately

given by

P ser())
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where a = N(N!)_%, N is the number of terms in the approrimation and

nn _
ree 1=

the Laplace transforms of the interference terms are given by

-1
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Ek,0

s'€{LOS,NLOS}
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Lr, Tk, Erp) =

H exp (— /OO 1-— (1 + &Plex_(Hai/)) 7 A’LS,([O,x))da:). (8.24)
&

s'€{LOS,NLOS} k.0

Proof: See Appendix [P}

Note that since 0 tier consists of only one UAV, i.e., the cluster center UAV,
Laplace transform expression Ly, (To, &0,0) = 1. General sketch of the proof is as
follows. First, energy coverage probability is computed given that a UE is associated
with a k™ tier LOS/NLOS UAV. Subsequently, each of the conditional probabilities
are multiplied with their corresponding association probabilities, and are summed up
to obtain the total energy coverage probability of the network. In order to determine
the conditional energy coverage probabilities, Laplace transforms of interferences from
each tier are obtained using tools from stochastic geometry. We also note that al-
though the characterization in Theorem involves multiple integrals, we explicitly
see the dependence of the energy coverage on, for instance, UAV heights, path loss
distributions, path loss exponents, transmission power levels. Moreover, the integrals
can be computed relatively easily by using numerical integration tools, providing us
with additional insight on the impact of key system/network parameters, as demon-

strated in the next section.

8.5 Simulation and Numerical Results

In this section, we provide the numerical evaluations of theoretical expressions in
addition to the simulation results in order to validate the accuracy of the proposed
UAV network model as well as to confirm of the analytical characterizations. In the

numerical evaluations and simulations, unless stated otherwise, the parameter values

listed in Table [R.1] are used.
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Table 8.1: System Parameters

Description Parameter | Value
Path-loss exponents QL,0S, 2,4
QNLOS

Environment dependent constants b, c 11.95, 0.136
Height of UAVs H 50 m
Transmit power P VE 37 dBm
Energy outage threshold Ty VE -30 dB
UAV density A\ 10~% (1/m?)
UE distribution’s standard

o O¢ 10
deviation
Rectifier efficiency 13 1

8.5.1 Impact of Cluster Size

First, we investigate the effect of UE distribution’s standard deviation o. on the
association probability and the energy coverage probability using the LOS probability
functions of high-altitude and low-altitude models of and in Figs. and
[B.4Dl As the standard deviation increases, the UEs have a wider spread and the
distances between the cluster-center 0" tier UAV and UEs also increase. As a result,
association probability with the 0% tier UAV, Ay, decreases, while the association
probability with 15 tier UAVs, A, increases for both models. Also, for a fixed height,
LOS probability of cluster center UAV decreases for both models with the increasing
cluster size, and hence association probabilities exhibit similar trends. Therefore,
the energy coverage probability of the O tier UAV, Eg, increases while the energy
coverage probability of the 15 tier UAVs, EIC, decreases as the cluster size grows in
both models. On the other hand, the increase in Ef cannot compensate the decrease
in Eg, and therefore the total energy coverage probability E¢ diminishes. In other
words, smaller cluster size, i.e., more compactly distributed UEs results in a higher E€.
Finally, we note that simulation results are also plotted in the figure with markers
and there is a very good match between simulation and analytical results, further

confirming our analysis.
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Figure 8.4: (a) Association probability and (b) energy coverage probability as a function
of UE distribution’s standard deviation o. for LOS probability functions of high-altitude
and low-altitude models when H = 50 m. Simulation results are plotted with markers while
dashed/solid curves show theoretical results.
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8.5.2 Impact of UAV Height

Next, in Figs. and [8.5D] we plot the association probability and energy coverage
probability as a function of UAV height considering the LOS probability functions of
both high-altitude and low-altitude models. For the high-altitude model, since LOS
probability increases with the increasing UAV height, association probability with
the 0 tier UAV increases slightly. On the other hand, LOS probability decreases
as a result of the increase in the 3D distance with the increasing UAV height in the
low-altitude model. Therefore, more UEs prefer to connect to 15 tier UAVs (i.e.,
UAVs other than the cluster-center one) at higher values of the UAV height.

Energy coverage probability of the cluster center UAV, Eg , exhibits similar trends
for both types of LOS functions. More specifically, Eg increases first then it starts
decreasing with the increasing UAV height. Since the effective antenna gain for HH
antenna orientation is an increasing function of UAV height for a fixed cluster size, an
initial increase in Eg is expected. However, further increase in UAV height results in
a decrease in E§ of both high-altitude and low-altitude models due to the increase in
the distance. Therefore, for a fixed cluster size, there exists an optimal UAV height
maximizing the network energy coverage, EC, for both models. On the other hand,
optimal height maximizing the E© in the low-altitude model is lower and E© decreases
faster than that in the high-altitude model because the LOS probability function of
the low-altitude model is a decreasing function of distance while the LOS probability
function of the high-altitude model is an increasing function of the UAV height (e.g.,
as seen in Fig. . Moreover, since UEs are more compactly distributed around the
cluster center UAVs for o, = 10, energy coverage probability of the 15 tier UAVs,

Elc, is relatively small and changes only very slightly for both models.
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Figure 8.5: (a) Association probability and (b) energy coverage probability as a function
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theoretical results.
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8.5.3 Impact of Antenna Orientation

In Figs. [8.6al, [8.6b] and [8.6d], we plot the association probability as a function of UAV

height H for different values of UAV density Ay for three different antenna orientations
considering the high-altitude LOS probability model. Note that since the analysis for
VV and HV antenna orientations seems to be intractable, only simulation results are
plotted. Since effective antenna gain depends on the sine function of the angle between
the UAVs and UEs for HH antenna orientation, UEs prefer to connect to their cluster
center UAV, and hence Ay is much larger than A; even when there is an increase in
the number of UAVs (as seen when the UAV density is increased from Ay = 107°
to Ay = 107%) as shown in Fig. . Also note that since both antenna gain and
LOS probability is an increasing function with UAV height, increase in them can
compensate the increasing path loss and the association probabilities remain almost
constant.

For the VV case, effective antenna gain depends on the cosine function of the angle

between the UAVs and UEs, and hence the links between the farther away UAVs and
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UEs have a greater effective antenna gain than the closer links. As a result, UEs
are more likely to be associated with 15 tier UAVs than the cluster-center UAV in a
denser UAV network (with UAV density Ay = 107%) as shown in Fig. [8.6b] On the
other hand, as the density of UAVs decreases, larger path loss of 1% tier UAVs results
in cluster-center UAV being preferred at lower UAV heights. However, as the height
increases, A; dominates Aj.

Finally, for the HV case, effective antenna gain is a function of both cosine and sine
of the angle between 6. For larger values of UAV density, association probability with
the 0" tier UAV, Ay, slightly increases with increasing UAV height at first as a result
of increase in both the LOS probability and the effective antenna gain. Subsequently,
it starts decreasing because the increase in the LOS probability cannot compensate
the rapid decrease in the effective antenna gain between the UE and the cluster center
UAV. For a less dense network, UEs associate with the cluster-center UAV mostly
at lower UAV heights. However, with the increasing height, antenna gain with the
cluster-center UAV decreases and consequently, the association probability with 15
tier UAVs, Aj, increases.

We also plot the energy coverage probability for different UAV heights, antenna
orientations, and UAV densities in Fig. [8.7] The performance with the HV antenna
orientation exhibits similar behavior as that with the HH antenna orientation which is
described in Section [8.5.2, The only difference is that increasing the UAV density im-
proves the energy coverage performance for both HH and HV orientations as a result
of the increase in the interference levels (which are indeed beneficial for energy har-
vesting purposes). On the other hand, performance with the VV antenna orientation
is significantly different from that with other antenna orientations. For lower-density
UAV networks, UEs are forced to connect with their cluster center UAV as shown in
Fig. at lower UAV height values, and hence the performance degrades initially

with increasing UAV height, but then starts improving with the further increase in
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the height as a result of increase in the association with 1% tier UAVs which pro-
vide higher antenna gains. When the UAV density is higher, UEs are more likely
to be associated with the 1% tier UAVs rather than the cluster-center UAV. In this
case, better energy coverage probability is achieved. Therefore, energy coverage per-
formance can be improved by changing the antenna orientations depending on the
number of UAVs in the network and their height.

Furthermore, we plot the energy coverage probability as a function of UAV density
for three different antenna orientations considering the high-altitude LOS probability
model in Fig. 8.8 Energy coverage probability is an increasing function of UAV
density irrespective of antenna orientation for a fixed UAV height. Adding more
UAVs to the network results in an increase in the total power received at the typical
UE, hence energy coverage performance of the network improves. We also note that
VV antenna orientation generally leads to larger energy coverage probabilities when
the UAV density is sufficiently large, due to the fact that one can harvest more
energy from the dense 1%'-tier UAVs with smaller elevation angles when this antenna

orientation is used. .
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8.5.4 Impact of Energy Outage Threshold

In Fig. , we plot the energy coverage probabilities of different tiers (i.e., Eg and
EY) and also the total energy coverage probability EC as a function of the energy
outage threshold for both high-altitude and low-altitude models. As seen in Fig. [8.4a
and Fig. , UEs are more likely to be associated with the 0" tier UAV rather
than 1%t tier UAVs in the high-altitude model when o, = 10, and hence E§ is much
higher than Ef On the other hand, for the low-altitude model, since association
probabilities with each tier are not very different, more UEs can be covered by 1%
tier UAVs compared to the high-altitude model. However, Eg is still greater than E?
due to the relatively smaller distance to the cluster-center UAV. We also observe that
as a general trend, energy coverage probabilities expectedly diminish with increasing

energy outage threshold.
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8.6 Conclusion

In this chapter, we have provided an analytical framework to compute the energy
coverage probability of a UAV network with clustered UEs. UAVs are assumed to
be distributed according to an independent PPP, while locations of UEs are modeled
as a PCP around the projections of UAVs on the ground, and UEs are assumed to
be connected to the tier providing the strongest long-term averaged power. In this
setting, we have determined the association probabilities and characterized the energy
coverage probability. We have analyzed the effect of two different LOS probability
functions on the network performance. We have also investigated the impact of
practical 3D antenna radiation patterns on the energy coverage performance.

Using numerical results, we have shown that standard deviation of UE distribution
0., UAV height H, and antenna orientation have significant impacts on UAV asso-
ciation and energy coverage probabilities. For instance, less compactly located UEs
result in a decrease in the total energy coverage probability of the network for both
LOS probability models. While for a certain cluster size there exists an optimal UAV
height that maximizes the network energy coverage, this optimal height depends on
the type of the LOS probability model. We have also shown that antenna orientation
greatly affects the energy coverage probability depending on the UAV density, and
better performance can be achieved by changing the antenna orientations according

to the number of UAVs in the network and their height.



181

Chapter 9

Conclusion

9.1 Summary

In this thesis, performance of mmWave cellular networks has been studied. Tools
from stochastic geometry are employed to study the error probability, energy effi-
ciency, coverage probability, outage probability of mmWave cellular networks. Addi-
tionally, performance of the UAV assisted cellular networks is analyzed. Specifically,
the contributions of this thesis are summarized below.

In Chapter[2] we have analyzed the average error performance of downlink mmWave
cellular networks, incorporating the distinguishing features of mmWave communica-
tion into the average error probability analysis. Sectored antenna and simplified
ball-LOS models have been considered to simplify the analysis. Numerical results
show that employing directional antennas improves the error performance. Also, we
show that better ASEP values can be obtained by increasing BS density and main
lobe gain.

In Chapter [3| we have analyzed the energy efficiency of relay-assisted downlink
mmWave cellular networks by incorporating the distinguishing features of mmWave

communication into the energy efficiency analysis. Directional beamforming with
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sectored antenna model and simplified ball-LOS models have been considered in the
analysis. BSs and RSs are assumed to be distributed according to independent PPPs,
and SINR coverage probabilities are derived using tools from stochastic geometry to
characterize the energy efficiency. Numerical results demonstrate that employing
directional antennas makes the mmWave cellular networks more energy efficient. In
other words, increasing the main lobe gain and decreasing the main lobe beam width
results in improved energy efficiency. We have also shown that BS density should
be lowered to achieve the maximum energy efficiency when the LOS ball radius is
larger. Moreover, we have observed that there is a tradeoff between the area spectral
efficiency and energy efficiency depending on the RS density. Finally, the effect of
alignment error on energy efficiency is quantified.

In Chapter 4l we have provided a general analytical framework to compute the
SINR and rate coverage probabilities in heterogeneous downlink mmWave cellular
networks composed of K tiers. Moreover, we have studied the energy efficiency met-
ric and analyzed the effect of biasing on energy efficiency. Directional beamforming
with sectored antenna model and D-ball approximation for blockage model have been
considered in the analysis. BSs of each tier and UEs are assumed to be distributed
according to independent PPPs, and UEs are assumed to be connected to the tier
providing the maximum average biased-received power. Numerical results show that
mmWayve cellular networks can be approximated to be noise-limited rather than be-
ing interference-limited especially if the number of tiers is small. We have also shown
that increasing main lobe gain results in higher SNR coverage. Moreover, we have
observed the effect of biasing. Increase in the biasing factor of smaller cells has led
to better coverage probability of smaller cells because of the higher number of UEs
connected to them, while the overall network coverage probability has slightly di-
minished due to association with the BS not offering the strongest average received

power. Furthermore, we have shown that smaller cells provide higher rate than larger



183

cells. Additionally, it is verified that there is an optimal biasing factor to achieve the
maximum energy efficiency. The effect of alignment error on coverage probability is
also quantified. Finally, we have demonstrated that the proposed analytical frame-
work is also applicable to pWave-mmWave hybrid networks, and gleaned interesting
insight on the impact of interference when operating in pWave frequency bands.

In Chapter 5], we have provided an analytical framework to compute SINR outage
probabilities for both cellular and D2D links in a D2D-enabled mmWave cellular
network. Directional beamforming with sectored antenna model and modified LOS
ball model for blockage modeling have been considered in the analysis. BSs and
UEs are assumed to be distributed according to independent PPPs, and potential
D2D UEs are allowed to choose cellular or D2D mode according to a flexible mode
selection scheme. Numerical results show that probability of selecting D2D mode
increases with increasing biasing factor 7; and decreasing pr .. We have also shown
that increasing the main lobe gain and decreasing the beam width of the main lobe
result in lower SINR outage. Moreover, we have observed that the type of spectrum
sharing plays a crucial role in SINR outage performance of cellular UEs.

In Chapter [6] we have provided an analytical framework to compute the SINR out-
age probabilities for both cellular and D2D links in a D2D-enabled mmWave cellular
network with clustered UEs. Distinguishing features of mmWave communications,
such as directional beamforming with sectored antenna model, modified LOS ball
model for blockage modeling and Nakagami fading, have been considered in the anal-
ysis. BSs and cellular UEs are assumed to be distributed according to independent
PPPs, while potential D2D UEs locations’ are modeled as a PCP. Potential D2D
UEs in the clusters are allowed to choose cellular or D2D mode according to a flexible
mode selection scheme. Under these assumptions, we have analyzed the interference
experienced in cellular uplink and D2D links, and characterized the SINR outage

probabilities. Numerical results show that probability of selecting D2D mode de-
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creases with increasing UE distribution’s standard deviation o4 and increasing py, .,
while increase in pr, 4 leads to higher D2D mode selection probability. We have also
shown that more simultaneously transmitting potential D2D UEs and/or higher clus-
ter center density result in higher outage probabilities for both cellular and D2D links
due to the growing impact of interference. Moreover, the type of spectrum sharing
plays a crucial role in the SINR outage performance of cellular UEs. Another inter-
esting observation is that smaller LOS ball radius is preferred for small values of o,
while the opposite is advantageous for large values of o4. Moreover, increasing the
main lobe gain and decreasing the beam width of the main lobe result in lower SINR
outage. Effect of alignment error on outage probability is also quantified and impor-
tance of beam alignment in improving the performance is noted. Finally, ASE of the
cellular and D2D networks are analyzed for both underlay and overlay types of shar-
ing. We have shown that there is an optimal number of simultaneously active D2D
links, maximizing the ASE in the D2D network. This optimal number is independent
of the cluster center density and spectrum partition factor. For overlay sharing, there
exists an optimal spectrum partition factor if the optimal weighted proportional fair
spectrum partition is considered.

In Chapter [7|, we have provided an analytical framework to compute the SINR
coverage probability of UAV assisted cellular networks with clustered UEs. Moreover,
we have formulated the ASE, and investigated the effect of UAV density and standard
deviation of the UE distribution on the ASE. Furthermore, we have presented SINR
coverage probability expression for a more general model by considering that UAVs
are located at different heights. UAVs and ground BSs are assumed to be distributed
according to independent PPPs, while locations of UEs are modeled as a PCP around
the projections of UAVs on the ground and UEs are assumed to be connected to the
tier providing the maximum average biased-received power. Using numerical results,

we have shown that standard deviation of UE distribution o, and UAV height H have
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significant impact on association probabilities. For instance, less compactly located
UEs and higher UAV height lead to a decrease in the association with the cluster
center UAV. We have also shown that total coverage probability can be improved
by reducing the UAV height as a result of the decrease in the distances between
cluster center UAV and UEs. Moreover, path-loss exponents play a crucial role in the
coverage performance if the UAV height is high, and there exists an optimal value
for path-loss exponents in which the coverage probability is maximized. Another
important observation is that smaller number of UAVs results in a better coverage
performance, while deployment of more UAVs lead to a higher ASE. Furthermore, a
higher ASE can be achieved if the UES are located more compactly in each cluster.

In Chapter [§, we have provided an analytical framework to compute the energy
coverage probability of a UAV network with clustered UEs. UAVs are assumed to
be distributed according to an independent PPP, while locations of UEs are modeled
as a PCP around the projections of UAVs on the ground, and UEs are assumed to
be connected to the tier providing the strongest long-term averaged power. In this
setting, we have determined the association probabilities and characterized the energy
coverage probability. We have analyzed the effect of two different LOS probability
functions on the network performance. We have also investigated the impact of
practical 3D antenna radiation patterns on the energy coverage performance. Using
numerical results, we have shown that standard deviation of UE distribution o,
UAV height H, and antenna orientation have significant impacts on UAV association
and energy coverage probabilities. For instance, less compactly located UEs result
in a decrease in the total energy coverage probability of the network for both LOS
probability models. While for a certain cluster size there exists an optimal UAV
height that maximizes the network energy coverage, this optimal height depends on
the type of the LOS probability model. We have also shown that antenna orientation

greatly affects the energy coverage probability depending on the UAV density, and
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better performance can be achieved by changing the antenna orientations according

to the number of UAVs in the network and their height.

9.2 Future Research Directions

In this section, some promising directions are presented for future work related to the

contributions in this thesis.

9.2.1 Simultaneous Information and Energy Transfer in UAV

Networks with 3D Antenna Radiation Patterns

In Chapter [§ energy coverage probability of a UAV network with clustered users is
studied. Impacts of different LOS probability functions and practical 3D antenna
radiation on the network performance is analyzed. In this work, we consider only
downlink power transfer. On the other hand, transmitted signal carry both energy
and information simultaneously. Therefore, in order to make the best use of the RF
spectrum and radiations, a joint transfer of information and power to the receiv-
ing node, which is known as simultaneous wireless information and power transfer
(SWIPT), has attracted considerable attention in recent years. Employment of UAVs
in SWIPT systems is another promising research direction. Therefore, it would be
interesting to analyze the performance of a UAV network with SWIPT and practical

3D antenna radiation.

9.2.2 Visible Light Communication Energy Harvesting

As we have discussed in Chapter [§] energy consumption of wireless devices has been
increasing tremendously and hence RF energy harvesting technology, where the en-
ergy content of incident signal from BSs/UAVs are exploited for energy harvesting,

is one of the promising solutions to meet this increasing energy demand. However,
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currently utilized RF spectrum will not be sufficient to provide energy to the expo-
nentially increasing number of wireless devices. Therefore, coexistence of RF and
visible light communication (VLC) links for energy harvesting has been emerged as a
promising technology. Hence, it would be interesting to study the energy harvesting

in a network consisting of both UAVs and ground BSs.
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Appendix A

Proof of Lemma (4.

Intensity function for the D-ball path loss model can be computed as
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=Tk Z (5kd< (Riy— Rigny) 1 (37 > kR )
d=1

T kL
+ <(w//<ch) 4 — Rz(nd_l)) ( 'R, d y <z < KR ) )
k,N
1 — Bra) ( (Riy— Rigy) 1 (f’@ > 1) Ry )
k2,N
+ <(5U/’f£lv) = Ri(d—l)) ( kaid 1) ST < Ky de ) )) (A1)

+
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where (a) follows from the definition of intensity function for the point process of the
path loss Ny, = {Li(r)}req,; (D) is obtained when different values of distance depen-
dent path loss exponent ay(r) are inserted according to the D-ball model; and (c)
follows from the definition of the indicator function. Finally, evaluating the integrals

and rearranging the terms, we obtain the result in Lemma [4.1]
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Appendix B

Proof of Lemma 4.3

Note that the association probability is

Ak, =P (PkaBkL > miXP G B L ) P (Lk78/ > Lk,s)

K
@) ( P (PkaBkL,;; > PjGijLj—l)) P(Ly.s > L)

=157k

K
o _ P; B;
_ Fy, s ) e () g (1 dls
/0 1_][ <Pka;Bk; " ) P o (s )l

o [ P o)
(&
0

j#k e_Ak,s’([Oalk,s))A;f’s([07 lkVS))e_Ak,s([Ovlk,s))dlkvs

(c)/ 725'(:1,/& ([0 Iflzgkgklk s))
e
0

j#k A;C’s([o7 lk78))e_Ak([OJk,s))dlk,S

_ / OOA;,S([O, Leo))e S s (0rEmies)) g, | (B.1)
0

where s, € {LOS,NLOS}, and s # s'. In (a), CCDF of L; is formulated as a
result of the first probability expression, and similarly P(Ly ¢ > L) = F, L. (lks) =
e~ Mes (09)): (1) follows from the definition of the CCDF of the path loss, and by plug-
ging the PDF of the path loss Ly s; and (c) follows from the fact that Ay ([0, k) +
Ao ([0, L)) = Mi([0, li.s)).-
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Appendix C

Proof of Theorem 4.

The coverage probability can be expressed as

K
> ) [P(SINRgs > Tast = k)P (Lpw > Li)],

k=1 scLOS,NLOS

Pc

K
> {P(SINRM >T%)

v

g

1 s€eLOS,NLOS e
Pc’ (Fk)

k

P

[\

PGyByLy > max PjGjBJ’Lj1> P(Lg,s > Lk,s)} ;
ST

7 N\

J/

~~
-Ak,s

(C.1)

where the last step follows from the assumption that ®; and ®; are independent
from each other for j # k. The expression to obtain the association probability, Ay

was provided in Lemma [4.3] Given that the UE is associated with a BS in &, the
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conditional coverage probability P *(T') can be computed as follows

P& () = P(SINRy, > T'%)

< PkGOhk,OL];; o7 >
K _ k
Th + 2501 Diew\ e, LiGiihily; ()

:P(hk,0> Pka];OS( k+2(jLOS+ NLOS)))

K

~Z (et T (Loson@Liiest)). (€2

J=1

nnsUi Ly s ]
PkGO ) 7,8

where u = = D icd; \Bo P;Gjihj; Ly} (r) is the interference from the
jth tier LOS and NLOS BSs, and £,  (u) is the Laplace transform of I;, evaluated
at u. The approximation in the last step is obtained using the same approach as
in [9, Equation (22) Appendix C]. Tools from stochastic geometry can be applied to
compute the Laplace transform Ly, (u) for s € {LOS,NLOS}. Using the thinning
property, we can split [;; into three independent PPPs as follows [32]:

Lo =IMM 4 pMmy prm = oI (C.3)

]75
Ge{MM,Mm,mm}

where Ifs for s € {LOS,NLOS} denotes the interference from BSs with random
antenna gain G defined in . According to the thinning theorem, each independent
PPP has a density of A\;pc where pg is given in for each antenna gain G €
{MM, Mm,mm}. Inserting into the Laplace transform expression and using
the definition of Laplace transform yield

Ly, (u) =K [e" ] =Ky,

758

—u( MM Mmypmm ) | —ul§,
[e (J» 3, J )] = HEIjC,;S [e 3, ], (C4)
G

where G € {MM, Mm,mm}, u = %’“GL’“, and the last step follows from the fact

that I Gs are the interferences generated from independent thinned PPPs. Laplace
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transforms of the interferences from the LOS and NLOS interfering BSs with a generic

antenna gain GG can be calculated using stochastic geometry as follows:

—1
R T U i VA
E.c [e‘“ J] =e 2
I¢
7,8

—Es (1-1/(1+uP;Gz=1 /N )AL (da
@ G (T CremeT I (©5)

where A’ (dr) is obtained by differentiating the equations in (4.6) and (4.7) with
respect to = for s € {LOS,NLOS}, respectively, (a) is obtained by computing the
moment generating function (MGF) of the gamma random variable h, and the lower

bound for the integral is determined using the fact that the minimum separation

P;G,B;
PGy, By,

nally, by combining (4.11)), (C.1), (C.2), (C.4) and (C.5]), SINR coverage probability
expression given in Theorem [.1] is obtained.

between the UE and the interfering BS from the jth tier is equal to lys. Fi-
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Appendix D

Proof of Lemma 6.

Probability of selecting the D2D mode for a potential D2D UE located in a cluster

r € ®¢ can be computed as

Ppap

= > (T =) palra)Ba

s€e{L,N} s’e{L,N}

— Z Z P (7“,; > ot al % ch 1/%"6) Py d(rd)Bs,c

s€{L,N} s'e{L,N}

Qg q/Qs,e

- Z Z / / ( 1ovs . ) fRd(Td|w>fQ(w)ps’,d(rd)Bs,cdrddw

se{L,N} s’e{L,N}

//SC 1/0<sAc
—27A ¢v5 r,od /T ’
YD / / N ) o) e )pwara)drad

s€{L,N} s'"e{L,N}

(D.1)

where F,(r.) = e~?™8Ys(re) /B_ . is the complementary cumulative distribution func-
tion (ccdf) of the cellular link distance 7. to the nearest LOS/NLOS BS, B, =
1 — e 25 Jo" @pse@)dr jg the probability that a UE has at least one LOS/NLOS BS,
Ps.a(rq) is the LOS/NLOS probability function for the D2D link given in (6.4)), and

(a) follows by substituting the cdf of r. into the expression.
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Appendix E

Proof of Lemma 6.2

Laplace transform of the aggregate interference at the BS from cellular UEs trans-
mitting in the same uplink channel in different cells can be calculated using (6.13)) as

follows:
L. (0) =114 @), (E.1)
G j

where the Laplace transform for [ C(i,j can be computed using stochastic geometry as

follows:

Lic (v) ) exp

® exp (— 2w \Bpc /000 <1 - ( : Nj) Q (taj’c)pj,c(t)tdt>a

14+ vP.Gt=%«</Nj;)

(E.2)

where (a) follows from computing the probability generating functional (PGFL) of
PPP and h in (a) is a gamma random variable with parameter N;, (b) is obtained by
computing the MGF of the gamma random variable h, and Q(y) is given in (6.3). By
inserting into forj € {L, N} and G € {Mgs, Myg, Mgs,muE, mps, Mur, Mmps,MUE},

the Laplace transform expression can be obtained.
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Appendix F

Proof of Lemma 6.3

Laplace transform of the aggregate interference at the BS from both intra-cluster and

inter-cluster D2D UEs can be calculated using (6.13))

Ly, (v) = H H ﬁlg';j (v), (F.1)
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where the Laplace transform for I¢

de.; can be computed using stochastic geometry and

following the similar steps as in [70]:

Lig (v)
(i) ]ECI)C H ]EAi H Ehyz [e_UPdGhysz""y”_aj’d}
| z€QC | yEA]

O8ue | I1 B | 11 :

s N;
_$€¢C _yEAﬁ (1+UPdGHI—|—y” Oéj,d/Nj) J

|

o) k
© IE%[ 11> (/Rz ( ! ijj,d(!x+y!!)fy(y)dy> P(K = k)]

2€d e k=0 1 +vPyG||x + yl| =4 /Nj)

(o) k
(4) 1
o ( C/Rz (1 k=0 </RQ (1+UPdG||SE+y||_aj’d/Nj)Nj(Hx+y”)fY(y) y)

AP k ,—("Pp2ppac)
X Dj.d (R DQDpG)k,e dz

S k
(e) 00 oo .
( "o ( ;( 0 (1+UPdGu—aj,d/Nj)N] j,a(u) fu (u|w)
n ke—(nPp2ppa)
y (nPpappg)~e\"p20PC )wdw>
k!
&) exp [ — 27\ /Oo 1~ oxp [ — 7Poappe /Oo . . .
’ 0 (1 4+ vPyGu=%d /N;)
X Pj,d(U)fU(uw)du>>wdw> .

where (a) follows from the assumption of independent fading gains across all inter-
fering links, (b) is obtained by computing the moment generating function (MGF)
of the gamma random variable h,, with parameter N, (c) follows from the fact
that the locations of the cluster members in each cluster are independent when
conditioned on x € P and expectation over the number of interfering devices
which are Poisson distributed, (d) is determined by computing the probability gen-
erating functional (PGFL) of PPP, (e) follows by applying a change of variables

with ||z + y|| — wu, and converting the coordinates from Cartesian to polar by
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using the pdf of the distance distribution fg, (ry,|w) = Ricepdf(ry,,w;o3) where

{ry. = llz+yl|l,Vo € ®c,Vy € A%} and w = ||z|, (f) follows from the averaging kth

1 ) . . . .
(omae 7w, pja(w) fu(ulw)du over the Poisson distribution,

ie., ZZOZO(A)'“(ﬁPDszG)k,:;(ﬁPDQDpG) = ¢~ (MPp20pc)(1-4) - By inserting (F.2) into (F.1

power of A = [

for j € {L, N} and G € {Mgps, Myg, Mps,mur, mps, Mug, mss,MuE}, we obtain the
Laplace transform expression in (6.15]).

Laplace transform expression in ([F.2)) can be lower bounded by

Eldc(v)
(@) vP;Gu~%d
> exp( 27T>\C7”LPD2ng/ / ( d o >fU(u]w)pj,d(u)duwdw>
j
P,Gu~%.d
= exp ( — QWACnPDQng/ v (]\f]7 Udj\?) pja(u )udu> (F.3)
0 J

where U(N,z) = 1 — 1/(1 + ), (a) follows from the Taylor series expansion of
exponential function, i.e. 1 —exp(—x) & x for small x, and the last step follows from
the Rician distribution property that [ fu(u|w)wdw = u. By inserting into
for j € {L, N} and G € {Mgs, Myg, Mps,muE, mps, Mug, mss,MuE }, we obtain
the lower bound in .
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Appendix G

Proof of Lemma 6.5

Laplace transform of the intra-cluster interference at the typical UE € N in the

representative cluster can be calculated using (6.13]) as follows:

Elddintra (U|w0)) = H H Ellgiintralj (U), (Gl)
G J
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where the Laplace transform for giima, ; conditioned on wg can be computed following
similar steps as in the proof of Lemma [F}
Lig — (v)

ddintrad

= EAwo H Eh [efvpdchyzo ||:L"0+y||7aj’d:|
d Yz

yeA \yo

a 1
2 EAjo { H

o N;
ye AT \yo (1 + vPyG||lzo + yl|[ =94 /Ny) ™

o0

1
® piallzo +yl) fy (y)dy
pard </R (1+ 0PyGllo + yl| =5 /N;) V7

00 k
2 ( L. ( : ; Pial 70 +y||)fy(y)dy>

0 1+ vPyG||zg + y|| =4 /Nj)

k
y (("Ppap — 1)pg)*e("Pp2p—1)pc
k!

© _(r _ = _ 1 .
= exp( (nPpa2p 1)pg/0 <1 (1+UPdGuaj’d/Nj)Nj) fU(u|w0)pjvd(u)du>

—
=

~_
ol
=
=
Il
=

(G.2)

where (nPpsp — 1)pe is the mean number of the interfering D2D UEs in D2D mode
in the representative cluster with random antenna gain G, i.e. total of nPpsp D2D
UEs in D2D mode are simultaneously transmitting on average in this cluster, (a) is
obtained by computing the MGF of the gamma random variable h,, with parameter
N;, (b) follows from the fact that the locations of the intra-cluster D2D UEs simul-
taneously transmitting in D2D mode are independent when conditioned on xy € ®¢
and expectation over the number of interfering devices which are Poisson distributed,
(c) follows by applying a change of variables with ||zo + y|| — w, and converting
the coordinates from Cartesian to polar by using the pdf of the distance distribution

fry, (T4, |w) = Ricepdf(ry,, wo; o) where {ra1 = [lzo+y|l, Yy € AP \yo} and wo = |20,
1
(1+deGr;1aj’d/Nj)

. s . . . 7 - —((n -ra) _
Poisson distribution, i.e., Z;O:O(A)k(("PDQD 1)”5’)];:! Pp2p=DrG) _ —((APp2p—1)pc)(1-A)

and averaging the kth power of A = [

~ fu (u|wo)pja(u)du over
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By inserting (G.2)) into (G.1)) for j € {L, N} and G € { MygMuyg, Mugmug, mug Myg, mugmug},

we readily obtain the Laplace transform expression.
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Appendix H

Proof of Theorem 6.

The outage probability for a typical UE in cellular mode can be calculated as follows:

Pout() = Pout, £ (T)BL.e + Poue, v (F)By.c

P, Goho?“c_as'c
Po (') = P{5—+—<T|B
out( ) Z <U]2V +Icc +Idc = 5,¢

se{L,N}
o0 FT?S,C )
- Z P hO S PG (UN + Icc + Idc) Tec fs(rc)Bs,cdrc
se{L,N}"0 0
oo I N, 2
~ Z / Z(_l)n( n8> € N L (0)L1,. (Bv) fs(re)Bs,cdre (H.1)
se{L,N} 0 n=0
nnsTre°

where v = -, hg is a gamma random variable with parameter N,, L_(v)

P.Gy
and L, (fv) are the Laplace transforms of interferences at the BS from cellular
UEs and D2D UEs, respectively, and (3 is the spectrum sharing indicator. (H.1|) is

approximated using the same approach as in [0, Equation (22) Appendix C].
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Appendix 1

Proof of Lemma (7.

The CCDF of the path-loss Ly from the typical UE to a 0** tier UAV can be computed

as follows:

FLO('I) = Z FLO,S (‘7;)

se{LOS,NLOS}

= ) E[P(r)P(Los(r) > )]

s€{LOS,NLOS}

= Y E[P (VETER) B (- B > )] (L1)

s€{LOS,NLOS}

= Y E 7>s<\/m>ﬂb d>\/(£)2m5H2)

s€{LOS,NLOS} s

- / i (m) fo(d)dd (1.2)

2/ag 7)5
seqrosnrosy 7y () -2

where fp(d) is given in (7.1) and follows from the definition of path-loss and

noting that r = d for O' tier.
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Appendix J

Proof of Lemma [7.2

Intensity function for the path-loss model from the typical UE to a 15 tier UAV for
s € {LOS,NLOS} can be computed as

ALS([O,I)):/ P(Li(r) < z) dr (7.1)

R2

= 27r)\U/ P (775 (7“2 - HQ)O‘S/2 < m) Ps(r)rdr
0

= 27T>\U/ P <T < \/(x/ﬁs)%“s — H2) Ps(r)rdr
0
/\/W

0

=21 \y Ps(r)rdr (J.2)

where (J.1]) follows from the definition of intensity function for the point process of
the path-loss. Intensity function for 2"¢ tier BSs can be also computed using the same
approach. Since the link between the ground BSs and the typical UE has only one

state, intensity function expression in (J.2)) reduces to Ay([0,2)) = wAg(z/ng)>/ 5.
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Appendix K

Proof of Lemma (7.3

Association probability with a 0*® tier LOS/NLOS UAV can be computed as follows:

-/40,5 = ]PD(POBOL(;; > P]BJLr_ntn,j) (K]')
2
= (HP (PoBoLgs > PijLj—l)>
j=1
o0 _ /P.B.
[ TLn( g0 o, (K2
nsHO‘S j:1 0420
o0 2 PjB-
_ / e TN (0mm00)) 1 (1) dlo.s (K.3)
nsHs

where (K.1)) follows from the definition of association probability, in (K.2) CCDF of
L; is formulated as a result of the probability expression, and (K.3|) follows from the
definition of the CCDF of the path-loss.

Association probability with a 15 tier LOS/NLOS UAV can be computed as fol-
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lows:

./4175 = P(PlBlLi; > F)ijLil )P<L1,s’ > Ll,s) <K4)

min,j

2
— ( II p(PBiLL > PijLj—l)> P(Liy > L)
J

2
& _ [ P.B.
:/ HFLJ'<PJ Jllvs)e_ALS/([OJLS))fLLs(h,s)dll,s (K5)

9H‘Dfsj:O £1 1Bl
oo _ P\ B _ Py B
— / FLO(%ZLS) e A2([O’PfB?ll’s>>e_ALS/([O’ll’s))All,s([O, ll,s))e_Al’s([O’ll’s))dlLs
WSHO‘S 1 1
(K.6)
e _ (FP)B _ (1o EiBi
_ / AL ([0,12.) FLO( . B°l1,5> o Shan(formns) g, (K.7)
nsHs 121

where s, 8" € {LOS, NLOS}, and s # §'. (K.4) follows from the definition of associa-
tion probability, in (K.5)), CCDF of L; is formulated as a result of the probability ex-

pression, and similarly P(L; ¢ > Ly 4) = FLI Jis) = e~ M (0009)). (K 6)) follows from

)

the definition of the CCDF of the path-loss, and by plugging the PDF of the path-loss
Ly ; and follows from the fact that A 5([0,115)) + A1¢([0,115)) = AL([0,115)).
Since the minimum distance between UEs and UAVs is equal to H, integration starts
from Iy, s = nsH“*. Association probability with a 274 tier BS can be obtained follow-
ing the similar steps. Note that, since the minimum distance between the typical UE

and a ground BS is equal to 0, integration starts from 0.
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Appendix L

Proof of Theorem (7.

Given that the UE is associated with a UAV in k = {0, 1}, the conditional coverage

probability ngs(rk) can be computed as follows

PL,(T'k) = P(SINRy,, > I'y)

Pohy oLt
:]P( 2 , k,(]z ks >Fk>
o)+ ijo iy

— ¢ Uk HEIM(U), (L.1)

PpLi,s

where u = B

, L1, (u) is the Laplace transform of [}, evaluated at u, the last steps
follows from hy o ~ exp(1l), and by noting that Laplace transforms of interference at
the UE from different tier UAVs and BSs are independent. PS(I'y) can be obtained
using the similar steps. Tools from stochastic geometry can be applied to compute
the Laplace transforms. Recall that 0" is generated by the UAV at the cluster center
of the typical UE. When the typical UE is associated with a UAV or a BS in tier-k

for k = 1,2, Laplace transform of the interference from 0** tier UAV can be obtained
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as follows:

EIO,k( ) = E

efulo k]

Mﬁ

PyB
Ehoo exp UPQhQ oiL' ) ‘.’L’ > 0 Olk (LQ)
P By,

s'€{LOS, NLOS}

2

E,
s'€{LOS,NLOS}

_ /5 N —OfLO,S, (2)dz (L4)

s'€{LOS,NLOS}

PoBo ]
Iy

L.3
1+ UPQIE 1 PkBk ( )

wn

where conditioning in (L.2)) is a result of the fact that interfering 0'' tier UAV lies

outside the exclusion disc & o with radius £ OBO lk, and (L.3) follows from hg o ~ exp(1).
Also note that, £L;,, (u) is equal to one, if the typical UE is associated with 0" UAV.

Laplace transform of the interference from 1% tier UAVs can be calculated as

EIl,k(u) = Eh,k [e_ull’k] (L5)

= H exp (—/gi(l — Ep,, [efuplhlv”—lD A’LS,(d:c))

s'€{LOS,NLOS}

</ Pt
= - —— | A L (d L.6
P R R

where A/ ,(dr) is obtained by differentiating A ([0, 7)) given in (7.7) with respect

to z for s € {LOS,NLOS}, respectively, interfering 1°° tier UAVs lie outside the

exclusion disc & o with radius £ 131 lk, 1) is obtained by computing the PGFL of
the PPP, and ([L.6]) follows from computing the MGF of the exponentially distributed
random variable h. Laplace transform of the interference from 2" tier BSs, £y, , (u),

can be calculated following the same steps with the calculation of Ly, , (u). However,

note that there are only LOS BSs for 2°¢ tier. Finally, by inserting (7.14)), (7.15)),
(7.16), (7.21)), (7.22)), (7.23)) into ([7.19)), coverage probability expression in (7.20)) can

be obtained.
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Appendix M

Proof of Lemma 8.

The CCDF of the path loss Lg ¢ from a typical UE to a 0" tier LOS/NLOS UAV can

be computed as follows:

FLO,S ('r)

=E, [P(Los(r) > ) Ps(r)]

—E, [IP (2 + H2)™/2 > 2) P,(V& + H?) (M.1)
_ / TP (42 Ve —H2) P (VP + ) fo(d)dd
_ / PV I fo(d)dd (M.2)

fors € {LOS,NLOS} where fp(d) is given in (8.1, Ps(-) is the LOS or NLOS prob-
ability depending on whether s = LOS1 or s = NLOS, and follows from the
definition of path loss. Therefore, the CCDF of the path loss Ly from a typical UE
to a O tier UAV given in can be obtained by summing up over s.



210

Appendix N

Proof of Lemma 8.2

Intensity function for the path loss model from a typical UE to a 1% tier UAV for
s € {LOS,NLOS} can be computed as

Ava((0,2)) = /R2]I”(L1(r) <z)dr (N.1)
=21 \y /OO P(r* < x) Ps(r)rdr (N.2)
=2 \y /OOIP (r < xl/o‘S) Ps(r)rdr (N.3)
/s
= 27T/\U/ Ps(r)rdr (N.4)

where (N.1)) follows from the definition of intensity function for the point process of
the path loss. CCDF of the path loss L; from a typical UE to a 15 tier UAV given

in [8.9) can be obtained by summing up A4 4([0,z)) over s.
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Appendix O

Proof of Lemma 8.3

Association probability with a 0*® tier LOS/NLOS UAV can be computed as follows:

-’40,5 = H IP)(P()GO(T)L(;; Z P1G1<T‘)L1_ﬂln) (O].)
me{LOS,NLOS}
H? H?
= I P|Rh—Loi>P—Li), (0.2)
me{LOS,NLOS} Lg?, Ly,

Pl als—i-l %

me{LOS,NLOS}

o _ Py 241\ amt2
- / 1T Fr ((Flzg;; ) ) Fro. (los)dl s (0.3)
Hes @ e (LOS,NLOS} 0

where (O.1]) follows from the definition of association probability and the fact that
LOS and NLOS links in the 1% tier are independent, (O.3]) follows from the definition
of the CCDF of the path loss. Since the minimum distance between UEs and UAVs

is equal to H, integration starts from [y, = H*.

Association probability with a 15 tier LOS/NLOS UAV can be computed as fol-
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lows:

Al =P(Liv > L) [ PEGi(r)Li} > RGol(r)Lgy,) (0.4)
me{LOS,NLOS}

H? H?
=P(Liv>Lis) ] P|P—=Lii>Ph—L,

me{LOS,NLOS} Ly Lgm,

Py 241\ amiz
=P(Ly > L) H P (Lﬂ,m > (POLla,:Zﬂ) )

me{LOS,NLOS} !

oo _ P 2 41 %
z/ Fr,,(is) JI  Fron ((F?lf,i ) )le,s(lLs)dll,s, (0.5)

Hes me{LOS,NLOS}

where s, s’ € {LOS,NLOS}, and s # ¢'. (0.4)) follows from the definition of associa-
tion probability and the fact that LOS and NLOS links in the 0" tier are independent,

and P(-Ll,s’ > Ll,s) = FLl,s’ (ll,s)~
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Appendix P

Proof of Theorem 8.

Given that the UE is associated with a LOS/NLOS UAV in k = {0, 1}, the conditional

energy coverage probability EES(Fk) can be computed as follows:

Ef(T) = P(¢ (Skys + Tiot) > T) (P.1)
al N

= 31 () ) B [0 (P2)
n=0
N

= 3 () )Eo [ Eas, []
nj;O N )

o Z(—l)n <n>ELk’S (1 -+ aPka ks HE kL. s 6_&17?’“} ] (PS)
n=0 L
N N B 9

= Z(_Un(n)E%S (1 + ab; H2Lk£ +as ) HLI Tk, Ek 0)] (P.4)
n=0 L 7=0

where a = ﬁ, n = N(N!)"~, N is the number of terms in the approximation,
Lr, . (Tk, o) is the Laplace transform of Iy, (P.1) follows from the definition of

energy coverage probability, (P.2)) is approximated by following the similar steps in

2
99]. In (P.3) we inserted the antenna gain G = H2L;*, and the last step in (P.4
k,s

follows from hyo ~ exp(l) and by noting that Laplace transforms of interference at

the UE from different tier UAVs are independent.
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Tools from stochastic geometry can be applied to compute the Laplace transforms.
Recall that 0'" is generated by the UAV at the cluster center of the typical UE. When
the typical UE is associated with a UAV in the 1% tier, Laplace transform of the

interference from 0™ tier UAV can be obtained as follows:

‘CIO,k <u> = Efo,k [eidlo’k]

= Z Ex [Eho,o [exp (—CALPoGohO’Owil) ’P0G02771 < Pkallzlﬂ (P5)
s'e{LOS,NLOS}

—1 s/
(142 P 2\ ag+2
- Y E <1+&P0H2:): (+)> x> (Fozﬁ) (P.6)
k

s'€{LOS,NLOS}

1
- (1%%%_(%)) iy () (P.)

s'€{LOS,NLOS}

where conditioning in (P.5]) is a result of the cell association policy, i.e., the received
power from the interfering O tier UAV is less than the received power from the

associated UAV, follows from hgo ~ exp(1l) and inserting the antenna gains,

o 12\ m ,
in the last step the exclusion disc & = (%lk’s“3> . Also note that Ly, (u) is
equal to one, if the typical UE is associated with 0" tier UAV.

Laplace transform of the interference from 1% tier UAVs can be calculated as

) A;,s,qo,x))dx)

(P.8)

—1
= ]I exp<_/ 1_<1+dP1H2$_<Ha“)> A’l,s/<[0,:c>>d”3)
Er0

s'€{LOS,NLOS}

Lh,k (u) = Ell,k [eidh’k]

= H exp — / 1-— Ehl,i
Ek,0

s'€{LOS,NLOS}

2
«@

—( 1+ )
6_&P1H2h1’ix ( s!

(P.9)

where (P.8) is obtained by computing the probability generating functional of the
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PPP, and (P.9) follows by computing the moment generating function of the ex-

ponentially distributed random variable h. Note that the interfering 15¢ tier UAVs

2

. . . . . . 1+ O‘S’SJr2 . . .
lie outside the exclusion disc &y with radius <£—;lk78 "s) . Finally, by inserting

(8.15), (8.16)), (8.23)), (8.24) into (8.21]), energy coverage probability expression in
(8.22) can be obtained.
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