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Figure 1.3: Several mobile wearable devices attached around a user’s body a device to device

network.

and height of the UAVs. The city streets are modeled as a Manhattan Poisson Line Process
(MPLP) and the building heights are randomly distributed. The analysis first finds the con-
nectivity probability conditioned on a particular network realization (location of the UAVs)
and then removes the conditioning to uncover the distribution of the connectivity; i.e., the
fraction of network realizations that will fail to meet an outage threshold. While related
work has applied an MPLP to networks with a single UAV, the contributions of this part of
the dissertation are that it extends that work by (1) considering networks of multiple UAVs,
(2) characterizing the performance by a connectivity distribution, and (3) identifying the

optimal altitude for the UAVs.

1.3 Millimeter Wave: Device to Device Networks

From a wireless communications perspective wearable communication networks are the
next frontier for device-to-device (D2D) communication. Fig. 1.3 shows an example of device-
to-device (D2D) communication. Wearable networks connect different devices in and around
the human body including low-rate devices like pedometers and high-rate devices like aug-
mented or mixed-reality glasses. With the availability of newer commercial products, it
seems feasible that many people will soon have multiple wearable devices [12].

Such a wearable network around an individual may need to operate effectively in the
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presence of interference from other users’ wearable networks. This is problematic for ap-
plications that require Gbps throughput like virtual reality or augmented displays. The
millimeter wave (mmWave) band contains a wide range of carrier frequencies capable of
supporting short range high-rate wireless connectivity. Standards like Wireless HD and
IEEE 802.11ad have already made mmWave-based commercial products a reality [7]. Wear-
able networks might use these standards or might use device-to device operating modes
proposed for mmWave-based next generation (5G) cellular systems. Short-range mmWave
communication systems usually focus on high-speed wireless connectivity to replace cable

connections [3].

1.4 Millimeter Wave: UAV to Ground Networks

Aerial base stations, which are also known as Unmanned Aerial Vehicle Base Stations
(UAV-BSs) have emerged in recent years as a viable candidate for mmwave-based networks,
due to their flexible relocation, rapid deployment, and higher chances of experiencing Line-
of-Sight (LoS) propagation path features have been perceived as promising opportunities
to provide service in currently difficult to address service provisioning scenarios like short
duration extremely crowded environments [17,|18].

UAVs can be used to enhance existing ground base stations when there is a high demand
for communication services. For example, UAVs can act as an additional base station for
sports events etc. As shown in Fig. UAVs can provide coverage for assets on the ground
(i.e., vehicles) and provide services such as surveillance and real-time video transfer. Such
applications are important for public safety, disaster recovery, and military operations. On
the battlefield, UAVs can serve as drone base stations (BSs) in the air, to provide coverage
in cases where ground BS do not exist or have been damaged [19,[20]. However, with the
help of new technologies (e.g., tethered UAVs), UAVs have longer flight times that no longer
limit aerial networks to temporary scenarios. For instance, UAVs are now candidates for
providing cellular coverage, especially for challenging urban environments [21].

At mmWave frequencies, blocking by walls provides isolation between indoor and outdoor

environments, making it difficult for an outdoor base station to provide coverage indoors [5),
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Figure 1.4: Example of UAV to ground communications

,. Outdoor networks in urban environments are challenging to design due to the presence
of a high density of buildings, which serve as sources of blockage . Implementing such
networks using aerial networks is a good solution because the UAVs that serve as base
stations may be quickly repositioned to overcome outages due to blocking, and they may be
deployed at a sufficiently high altitude to avoid blocking by lower buildings.

When considering UAV-based networks, it is necessary to extend the model to three
dimensions. In a city environment, the heights of buildings is a critical factor, because not
all buildings between a ground-based user and a UAV will necessarily be tall enough to block
the LoS path. To characterize a city, the locations of the buildings and their heights may be
modeled through the tool of stochastic geometry.

1.5 Stochastic Geometry: A Tool for Modern Net-

works

Stochastic geometry provides a mathematical approach for modeling wireless networks
, and is an effective methodology to study wireless systems in general, and mmWave
systems in particular. The tools of stochastic geometry to analyze the outage, coverage, and

rate of wireless networks . With stochastic geometry, the locations of the user devices
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and blockages are assumed to be drawn from an appropriate point process. Stochastic
geometry has been applied to mmWave cellular systems in [27-30] and mmWave D2D systems
in [12]13].

With stochastic geometry, the transceiver nodes in the network are modeled as randomly
located in the 2-D plane to form a point process of known intensity, and the distribution of
the interferers as seen by a typical user is analyzed as in [12]. Stochastic geometry allows the
derivation of analytic expressions for average performance metrics like the SINR, spectral
efficiency, and the sum throughput for infinite networks [31].

In the context of mmWave-based cellular systems, [27] used results from stochastic geom-
etry to characterize network coverage and capacity. The important propagation features of
the mmWave signal, especially signal blockage due to buildings and human user body were
modeled in [13]. In [5], a distance-dependent blockage model was first derived using results
from random shape theory, and was then used to derive analytic expressions for SINR cover-
age. An important assumption for these derivations was that the sources of signal blockages
(buildings) and the communication devices are drawn from independent Poisson Point Pro-
cesses (PPP). For dense indoor operations using mmWave, human bodies of the users are the
main source of blockages and can result in 30-60 dB of attenuation for mmWave signals [13].
The users that carry potentially interfering devices, hence, also potentially block the interfer-
ence from other users. This is a key difference compared to outdoor cellular based mmWave
systems where independent spatial distribution assumption for blockages and interferers is
easier to justify. Another point of difference between outdoor cellular systems and indoor
mmWave systems is the spatial extent and number of transceiver devices considered in the
analysis. While an infinite region of operation and infinite number of users could be justified
in a cellular setting, system models for indoor operation have to consider finite geometry and
number of users [12]. This provided valuable insight into the nature of surface reflections in
the indoor mmWave setup. While it was assumed that the reflections from the ceilings were
never blocked and the selfbody human blockage was characterized, [32] does not consider
directional antennas at the devices. While |13] reports closed-form analytic expressions for
spatially averaged system performance.

The tool of stochastic geometry has been extensively used to study interference in large
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wireless networks [29]. Prior work on mmWave-based networks has also used the results
from stochastic geometry to analyze coverage and rate [27] while modeling the directionality
of antennas and the effect of blockages [13]. For analytical tractability, most work assumes
an infinite number of mobile devices spread over an infinite area [27]. These assumptions
allow the analytical expressions related to the spatial average of the system performance
to be simplified through application of Campbell’s theorem [29]. Analysis of the outage
probability conditioned on the network geometry in ad hoc networks with a finite spatial

extent and number of interferers was performed in [33].

1.6 Organization

In the sequel, the research work is discussed in more detail. In Chapter [2| an outline
of the completed work related to modeling device to device networks for fixed and random
locations is discussed. The impact of correlated blocking in mmWave networks is presented
in Chapter [3 Chapter [4] identifies and accurately analyzes macrodiversity as a solution
for blockage in presence of correlated blocking and interference. Chapter |5| identifies the
connectivity probability and provides an optimization of UAV to ground networks in urban

environments. Chapter [0 provides a summary of the dissertation and the future work.
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Chapter 2

Accurately Accounting for Random
Blockage in Device-to-Device

Millimeter-Wave Networks

2.1 Introduction

Millimeter-wave (mmWave) has emerged in recent years as a viable candidate for both
device-to-device (D2D) communications as well as infrastructure-based (i.e., cellular) sys-
tems [3}/7,/12,/13[27H30,34]. At mmWave frequencies, signals are prone to blocking by objects
intersecting the propagation paths. While the path loss could be high, it can be compen-
sated through the use of highly directional antennas, which also helps to isolate interference.
Blocking can significantly impact the distribution of the small-scale fading (i.e., resulting
in a non line-of-sight state) and if severe enough, cause the signal to be lost completely
(i.e., resulting in an outage state) [3]. The power of each received signal, whether it be a
desired signal or an interfering signal, is thus highly dependent on the relative orientations
of the transmit and receive antennas and the presence of objects blocking the paths. Any
meaningful analysis of mmWave systems must therefore account for antenna orientation and
blockage, and typically these are modeled as appropriate random processes.

An effective methodology to study wireless systems in general, and mmWave systems in

particular, is to embrace the tools of stochastic geometry to analyze the outage, coverage,
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and rate of wireless networks [26]. With stochastic geometry, the locations of the interferers
and blockages are assumed to be drawn from an appropriate point process. Stochastic
geometry has been applied to mmWave cellular systems in [27-30] and mmWave D2D systems
in [12,[13]. Stochastic geometry provides a tractable means for finding the outage probability,
coverage, and rate when the interferers and blockages are drawn from random point processes.

A survey of mathematical models and analytical techniques is provided in [30] with a
section devoted to blockage models. Random shape theory, which is an offshoot of stochastic
geometry, is applied in [5] to carefully consider blockage effects. When blocking is modeled
as a random process, the probability that a link is line-of-sight (LOS), i.e., not blocked,
is an exponentially decaying function of link distance. The distance-dependent blocking
probability causes significant challenges to the application of stochastic geometry. This
challenge can be overcome by making a simplifying assumption that all interferers within
some radius, called the LOS ball, are unblocked, while interferers beyond that radius are non-
LOS. The LOS ball assumption has been applied to mmWave cellular in [27,28] and D2D
in [13]. Meanwhile, a two-ball approximation was applied to mmWave multi-tier cellular
systems in [29]. While it aids tractability, the LOS ball assumption causes a non-negligible
loss in accuracy. For instance, in [13], the LOS ball approximation caused the distribution
of coverage to be underestimated by a few decibels.

In this chapter, we propose an analytical framework for mmWave networks that explicitly
accounts for the blockage probabilities, thereby dispensing with the need for a LOS ball. The
key to the analysis is to break it into two steps. In the first step, the interferers are placed
in fixed locations and the outage probability found conditioned on the interferers’ locations.
Each interferer is characterized by a fading distribution that can take on a plurality of states,
depending on the random orientation of the antennas and random blockage probabilities. In
the second step, the distribution of the outage is found by taking the spatial average of the
conditional outage probability over the distribution of the interferer locations. Simulation
results confirm the accuracy of the strategy and demonstrate its superiority over the LOS
ball assumption.

The focus of the chapter is on D2D networks, whereby the interferers transmit with a

common power in a uniformly distributed direction. However, the analysis could be extended
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to the more complicated case of a cellular network, where each interferer’s transmit power
and direction are correlated with the location of its serving base station. The analysis is
generic enough that it could find applications outside of mmWave, such as in the area of
frequency hopping [33].

The remainder of the chapter is organized as follows. Section gives a system model
and provides a general problem formulation. Section derives an expression for the outage
probability conditioned on the location of the interferers, and Section applies it to a D2D
mmWave network. Section provides an approach for obtaining the spatially averaged
outage probability. Finally, the chapter concludes in Section [2.6]

2.2 System Model

Consider a wireless network with a reference receiver, a reference transmitter, and K
interferers located within some area A. While the network itself may have an infinite extent
and therefore an infinite number of interferers, we assume that very distant interferers are
fully attenuated and therefore do not contribute directly to the interference power (though
they could contribute to the noise floor). Only a finite number (K') of interferers are close
enough to contribute to the interference power, though the contribution of each will depend
critically on whether or not its signal is LOS or non-LOS. Moreover, the number of interferers
K could itself be random. For instance, if the interferers are drawn from a Poisson point
process (PPP), then the number of interferers in A will be a Poisson variable.

Define the variable S to represent the signal-to-interference and noise ratio (SINR) at the
reference receiver. Our goal is to find an expression for the outage probability as a function of
an SINR threshold (B, which is the cumulative distribution function (CDF) of S; i.e, Fs(3).

The variable S can be expressed as

Y.
S = ———. (2.1)
ct i Y
where ¢ is a constant related to the noise power, Y} is the received power of the reference
transmitter, and {Y;},i € {1, ..., K}, are the received powers of the K interferers. We assume

that Yy is a Gamma distributed random variable with a fixed shaping parameter mg and
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scale parameter 7).
The value of ¢ is selected so that the signal-to-noise ratio SNR is the mean value of S

when the interference is turned off; i.e.

(2.2)

ST L 1

C=<NR”

The other Y;,i € {1,..., K}, each have a distribution that depends on a variety of fac-
tors including the distance to the interferer, the relative orientations of the transmit and
receive antennas, the random transmission activity (e.g., use of an Aloha-like protocol), and
the blockage process. We thus assume that each Y;,i € {1,..., K}, is drawn from one of
J + 1 power distributions, each corresponding to a different state that encapsulates the
blockage and directivity conditions. This is done by drawing a discrete random variable
a; € {0,1, ..., J}, which indicates the chosen power distribution. Let p; ; represent the prob-
ability that a; = j for i € {1,2,..., K} and j € {0,1,..., J}. The probabilities {p;;} could
depend on the location X; of the i** interferer. For instance, if a random blockage model
is assumed, then the probabilities associated with blockage states will be functions of the
distance to the interferer.

Let a; = 0 represent the specific case that the interferer is turned off (or not using
the same resource as the reference transmitter). It follows that ¥; = 0 when a; = 0, and
thus the corresponding power distribution has probability density function (PDF) fy. (y|a; =
0) = d(y). Otherwise, when a; > 0, we assume that the variable is Gamma distributed.
We define two functions: m(a;) which describes the shaping parameter associated with
distribution a; and n(a;) which describes the scaling factor of distribution a;. The mean
of Y; is E[Y;] = m(a;)/n(a;). To make the notation more compact, we will use double
subscripts for m(-) and 7(-), so that m(a; = j) = m,;; and n(a; = j) = 1;;. Due to path-loss
and the orientation of the reference receiver’s antenna, these functions generally depend on
the location of the i*" interferer, which we denote X;. It follows that the PDF when a; = j
is

iy’

where u(y) is the unit step function and I'(+) is the Gamma function.

fvi(yla; =j) = ymii e Yy (y) (2.3)
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2.3 Conditional Outage Probability

Assume that the interferers are in fixed locations. From the theorem on total probability,
the PDF of Y;,i € {1,..., K}, can simply be found from the weighted sum of the conditional

probabilities.
J
frily) = Zpi,jfn(mai:j)

- p105 +Zpl]n”

1,-mijy
y"e ey
2 T(m,,) (Y).

The CDF of S can then be found as

Fs(s) = P[S<s]=P

K
YoSS(CJrZYz)

=1

/H;{'//OS(%ZZKI'%) fvo (Yo)dyo fy (y)dy, (2.4)

where fy (y) is the joint PDF of Y = (Y7,Y5, ..., Yk), and the inner integral of fy,(yo) is the
CDF of Yj evaluated at s (c + Zf; yi>. Substituting this CDF into 1' leads to

Fg(s) = 1 —e Z 7 (m0sc) / /e o5 iz v <1+ i 1yz> fr(y)dy. (2.5)

Using the binomial theorem,

(=) -2 (02 ()

and a multinomial expansion,

K ! K y.ti

t; €Ty i=1

where T; the set of all nonnegative t; that sum to ¢. Substituting (2.6) and (2.7]) into ([2.5))

yields
mo— 11 V4 #
Fy(s)=1- ™ Y & noscfz() ZH / [ure @y 29
/=0 t=0 ti €Tt i=1
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Since Y7, Y3, ...,and Y are independent random variables, (2.8) can be rewritten as

mol

L
Fs(s)=1—e™ Z ((m0se)’ Y ( ) / vi''e M fy (yi)dy: - (2.9)
t=0

= ti €Ty i=1 ti!
where the integral is
00 J nm 2
/ yi'eT™ fy (yi)dyi = P00 (ts Z R, (108 + i ]) Tt +may). (2.10)
0 j=1

['(mi ;)

Substituting (2.10)) into (2.9) gives the expression

—7708510_1 (77030)Z - 0\ ¢!
Fs(s) = 1—e ™y i > =
=

0 n=0

K
Zv]/r]’l7 mz
XZH[W +Zr Jt.ﬁoswm D+ mig) |- (211)
t, €Tt i=

2.4 Application to mmWave

Consider the mmWave ad hoc network shown in Fig. . The reference receiver (repre-
sented by the red star) is located at the origin, while the K interferers (represented by the
blue dots) are located in an area A, which here is assumed to be an annulus with inner radius
Tin and outer radius rou. It is assumed that a MAC protocol (such as CSMA) prevents any
interference closer than r;, to the receiver, while the blockage is so severe at distance rqu;
that signals beyond that distance are completely attenuated. Each interferer within A can
either be unblocked, in which case its signal is LOS, or (partially) blocked, in which case its
signal is non-LOS and highly (but not fully) attenuated.

The transmitter locations X; are represented by complex numbers, so that X; = R;e/?,
where R; denotes the distance from the ' transmitter to the receiver and ¢; is the angle
from X; to the receiver. The reference transmitter (represented by the red dot) is located at
a distance Ry from the receiver, and in this example, Ry = 7j,.

Assume that there are K blockages in the network, and that each blockage is modeled
by a disk of width W. We assume that the number of blockages is the same as the number

of interferers because in an mmWave ad hoc network, a main source of blockage is human
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6 . ; ; ; ; ; ;
-6 -4 -2 0 2 4 6
Figure 2.1: Network Topology. The K=20 interferers are represented by the blue dots, the

reference transmitter represented by the red dot, and the reference receiver represented by

the red star. The yellow shaded area is the main lobe of the receiver’s antenna.

bodies, and if we assume the interference is due to personal devices (e.g., wearables), then
there will be approximately one interferer per person. Assuming that the blockages are
independent and uniformly distributed over the annular region, the probability that an
interferer at distance r from the receiver is blocked by any of the K blockages is given by
po(r). An equation and derivation for py(r) is given in [13], and is incorporated herein by
reference.

As in [13[[27], we assume directional antennas that satisfy a sectorized model. In particu-
lar, the antenna gain is G inside the (half-power) beamwidth 6, and g outside the beamwidth.
The number of antenna elements is N and the relationship between N, G, g, and 6 is given
by Table I in [13]. We use subscripts t and r to distinguish the parameters associated with
the transmitter and receiver antennas, respectively. Thus, N, is the number of elements of
the receive antenna. The shaded area of Fig. shows the main beam of the receive an-

tenna. Assuming a random 2-D orientation for the interfering transmitters, the probability

143

that an interferer points toward the receiver is 7-.



18

We define J = 4 transmission states corresponding to whether the interferer is or is
not blocked and whether the interferer is pointing towards or away from the receiver. In
particular, we let a; = {1,3} when the interferer is blocked and a; = {2,4} when it is not,
and we let a; = {1,2} when the interferer is pointing towards the receiver and a;, = {3,4}
when it is pointing away. Moreover, we assume an Aloha-like medium access protocol, so
that the probability that the interferer transmits is p;. Thus, the probability of state aqg,
corresponding to a non-transmission state, is (1 — p;). It follows that the probabilities of the

five states are:

0 with prob. (1 — p)
1 with prob. py(R;)2tp,
a; = {2 with prob. (1 —py(R;))2p, (2.12)

3 with prob. p,(R;)(1 — 29_7tr)pt

4 with prob. (1 —py(R;))(1 — 5£)ps-

0
Each of the above a; implies specific shaping and scale parameters for the interferer’s power
distribution. In particular, the value of the shaping parameter m; ; depends on the blockage
state. When the link is blocked, i.e. when a; = {1, 3}, the shaping parameter is m; ; = my;
otherwise m;; = my, where m and my are the LOS and non-LOS shaping parameters,
respectively.

Moreover, the scaling parameter for the i** interferer depends on its distance R; as well
as its state a;, and each state could have associated with it a different antenna gain and
path-loss exponent. The n; ; parameter is given by 7; ; = m; ;/§2; ; where €, ; is the average

received power given by
i = 9r(¢i)9t(ai)R¢_aj7 (2.13)
the receive antenna gain is

G, if | — o] < &
go(61) = : (2.14)
g, otherwise
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the transmit antenna gain is
G; for a; € {1,2}

gi(a;) = (2.15)
g for a; € {3,4}

and a; = ay if the link is blocked and o; = o, if it is not.
We assume that the reference link is LOS; i.e., mg = my. Because the reference trans-

mitter and reference receiver point towards one another, 7y = mg /€y where
Qo = G,GLR; ™, (2.16)

and ag = a7,

Example #1: We consider as an example a network of inner radius r;, = 1, outer radius
rout = 6, and K = 20 interferers. The length of the reference link is Ry = r;, = 1. The
transmitters and receiver have Ny = N, = 4 antennas. The width of each blockage is W =1
and we assume that there are K such blockages. The shape parameter (i.e., Nakagami-m
factor) for LOS links is m = 4, while that of non-LOS links is my = 1 (i.e., Rayleigh fading).
The path-loss exponent for LOS links is o = 2, while that of non-LOS links is ay = 4. The
probability that an interferer transmits is p, = 0.5, and the signal-to-noise ratio is SNR = 20
dB.

Fig. shows the outage probability for this example as a function of SINR threshold
[ conditioned on the network realization shown in the left side of the figure. The outage
probability is found two ways: By using , which accurately accounts for the blocking
probability, and by using the LOS-ball approximation, which assumes all interferers within
distance Rios are LOS and those beyond that distance are non-LOS [13]. Two values of
R os are used. The first, R os = 4.4 is found by matching moments; i.e., by using criterion
1 of [27]. The second, R os = 3.4 is found by selecting the value of R os that generates
an outage probability curve that most closely matches (in a mean-square error sense) the
curve found by the exact analysis. Note that finding R os in this manner is not a sustainable
solution because it requires that the exact probability be first found prior to finding the R os
that provides the best fit. Moreover, the best-fit value of R os will change from one network

realization to another. Hence, the purpose of the curve is to give insight into the best one



