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Abstract 

Network modeling and analysis plays an important role in understanding wireless net

work performance. In contrast to the conventional simulation-based network analysis, 

stochastic geometry can be used to derive mathematically tractable models of various 

network performance metrics (e.g., coverage and spectral efficiency). Although stochas

tic geometry-based analysis has contributed greatly to the understanding of network per

formance in recent years, its application has been mainly limited to conventional single

and multi-tier cellular networks. In this dissertation, leveraging stochastic geometry, I 

aim to develop tractable frameworks to address the design challenges in emerging wire

less network technologies. 

We first propose a novel framework to model and analyze millimeter wave (mm Wave) 

cellular networks. Compared with cellular communications at sub-6 GHz, millimeter 

waveform propagation is vulnerable to blockages due to its weak diffraction ability and 

less significant scattering. Taking into account these unique propagation properties and 

mmWave beamforming, we propose a low-complexity yet accurate coverage model for 

mmWave cellular communication. We then extend the framework to device-to-device 

(D2D) relay-assisted cellular communications, in which another user equipment (UE) 

functions as a relay to forward traffic between a base station (BS) and a UE that has 

poor link quality to the BS. We demonstrate that D2D relay is a promising approach to 

improve the coverage probability and spectral efficiency of cellular networks, especially 

xv 



for mm Wave networks since coverage holes are pronounced due to the blockage effect. 

Finally, motivated by the powerfulness of stochastic geometry, we investigate the 

photo-thermal effect of intra-body nano-optical wireless communications on red blood 

cells (RBCs). We consider an intra-body nanosensing system where active nanoparticles 

(NPs) are injected into blood vessels. Using stochastic geometry, we analytically model 

the photo-thermal effect on RBCs induced by electromagnetic waves of NP transmis

sions. Numerical results validate the proposed analytical model and provide insights 

into the safety of such systems. 
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Chapter 1 

Introduction 

Stochastic geometry has gained popularity as a powerful tool for modeling and analyz

ing wireless networks in recent years [l] [2]. By modeling spatial locations of wireless 

transmitters and receivers as point processes, stochastic geometry based analysis leads 

to a mathematically tractable framework. This is in contrast to the conventional net

work performance study methodology, which always relies on comprehensive system 

level simulations. For example, in 3GPP (3rd Generation Partnership Project) cellular 

communications evaluation methodology, uniform hexagonal cell layout is always used 

to model base stations (BSs) and network performance is evaluated using simulations 

based on specific system parameter configurations [3]. 

Although stochastic geometry based analysis has contributed greatly to the under

standing of homogeneous and heterogeneous cellular networks performance, limitations 

still exist. For example, cellular network performance and behaviors are not thoroughly 

understood when relaying or cooperative transmission is employed. On the other hand, 

the applications of stochastic geometry are mainly focused on wireless cellular commu

nications, and the powerfulness of stochastic geometry in modeling cellular networks 

motivates us to extend its applications beyond cellular communications. In this disser-
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tation, we develop mathematically tractable frameworks to model and analyze emerg

ing wireless network technologies from mm Wave cellular networks to intra-body nano

optical communication networks. 

We start this introduction chapter with a brief description of mm Wave cellular com

munications. We then introduce the concept of D2D communication and its applica

tions. After that, we discuss the photo-thermal effect of intra-body nano-optical com

munications on red blood cells. Finally, we summarize the contributions of this disser

tation. 

1.1 MmWave Cellular Communications 

The mm Wave frequency refers to the spectrum ranging from 30 GHz to 300 GHz, which 

corresponds to the range of wavelengths from 10 millimeters to 1 millimeter. Spectrum 

above 20 GHz, e.g., the local multipoint distribution service (LMDS) band at 28 GHz, 

is also categorized into mmWave. MmWave communication is attracting considerable 

attention from the scientific community and regulators for its potential to fulfill the ever 

increasing demands for next generation mobile broadband access networks [4, 5]. In 

industry, the 3rd Generation Partnership Project (3GPP) has started a study item focusing 

on the performance and feasibility of wireless communication in the mm Wave band (6-

100 GHz) [6]. Moreover, in July 2016, the Federal Communications Commission (FCC) 

unanimously voted to open nearly 11 GHz of mm Wave spectrum for SG [7]. Compared 

with the conventional sub-6 GHz microwave spectrum, mmWave has the potential to 

provide multi-gigahertz bandwidths to meet the increasing demands for spectrum used 

in cellular networks [8]. 

Channel statistics at mmWave differs greatly from those at sub-6 GHz frequen

cies [9] [10]. First of all, the quadratically increased path loss with carrier frequency 
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may largely restrict the propagation distance of mm Wave signals. To meet the link bud

get requirements, deployment of large antenna arrays at both transmitter and receiver 

is necessary for mm Wave cellular communications to compensate for the smaller aper

ture size. Moreover, millimeter waveform propagation suffers from weak diffraction 

ability and severe penetration loss, which makes mmWave signals highly vulnerable 

to blockages. For example, measurements on mm Wave propagation show that tinted 

glass and brick pillars have high penetration losses of 40.1 dB and 28 .3 dB, respectively, 

at a frequency of 28 GHz [ll]; while in indoor environments, mmWave links expe

rience intermittent connectivity due to blockages from mobile human bodies [12]. In 

other words, although mm Wave may be able to offer excellent signal quality to certain 

users, pronounced coverage holes may be caused in the network since transmissions in 

mm Wave networks must largely rely on line-of-sight (LOS) paths. 

In this dissertation, we will first analyze the performance of mm Wave cellular net

works with mmWave specific features incorporated (mmWave fading characteristics, 

blockage effect, beamforming, etc.), we then investigate the performance improvement 

of mm Wave cellular networks using D2D relays [13] [14]. 

1.2 D2D Communication and its Applications 

D2D refers to the technology that UEs discover and communicate directly with other 

UEs in proximity. D2D communications is already playing an important role in the 

unlicensed band via Wi-Fi Direct [15]. However, its counterpart in the licensed band is 

far from being fully developed. A preliminary version of D2D communications called 

Proximity Service (ProSe) [16] is standardized in LTE-Advanced, but is mainly targeted 

for public safety use [ 17]. Aside from public safety use cases, D2D communications can 

improve spectral efficiency in microwave cellular networks up to 4 - 5 x [18]. Moreover, 
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it opens up opportunities for social networking [19], multicasting [20], machine type 

communications [21], and D2D content distribution [22]. There is also work focusing 

on D2D communications in mm Wave spectrum [23]. 

Applications of D2D communications can be categorized into three use cases: cel

lular traffic offloading, coverage extension, and ad hoc networking in areas without cel

lular coverage. In the traffic offloading case, communication between two UEs will 

be switched from cellular mode to D2D mode if the two UEs are in proximity [24]. 

Since the traffic of proximity and location-based services can be exchanged between 

UEs directly, the network capacity may be improved due to the spectrum reuse and hop 

gains [25]. The second use case is coverage extension. In this case, the throughput of 

UEs located in cell edge or coverage holes can be improved by using multi-hop commu

nication. The third use case is ad hoc networking. When the cellular coverage is absent, 

e.g., due to natural disasters, D2D enables UEs to form an ad hoc network to commu

nicate with each other. This is especially important from public safety perspective [26]. 

The three use cases are shown in Fig. 1.1. Note that in the coverage extension case, the 

UE that is in cellular coverage (or with better cellular coverage) serves as a relay, so it 

is also referred to as a D2D relay. In this dissertation, we will systematically study the 

performance of D2D relay-assisted cellular networks [13] [14] [27]. 

1.3 Photo-thermal Effect of Nano-optical Communica

tions 

Novel nanosensors enabled by nanotechnologies are able to detect various types of 

events at the nanoscale with unprecedented accuracy. Intra-body nanosensing systems, 

which operate inside the human body in real time, have been proposed to provide fast 
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Cellular offloading 

D2D ad hoc 

□ Coverage extension 

Figure 1. 1: Three use cases of D2D communication: cellular traffic offloading, coverage exten
sion, and ad hoc networking. Note that in the case of coverage extension, D2D can also be used 
to enhance capacity, for example to improve performance of cell edge users. 

and accurate diagnosis and treatment of diverse diseases ranging from neuronal disor

ders [28] to different types of cancer [29], all directly from blood. In such systems, 

bio-compatible nanosensors injected or implanted in the human body are configured to 

transmit the sensed information to a common sink, receive commands from a remote 

controller, or coordinate joint actions when needed [30]. 

In many of such intra-body nanosensing systems, nanoparticles (NPs) radiate elec

tromagnetic (EM) waves, either passively (e.g., gold NPs) or actively (e.g., injected 

nanomachines). As a result, molecules that are present in the medium are excited by 

EM waves. An excited molecule internally vibrates, i.e., its atoms show periodic mo

tion while the molecule as a whole has constant translational and rotational motions. 

As a result, part of the energy of the propagating wave is converted to kinetic en

ergy [31]. From the communications perspective, such conversion results in signal loss. 

On the other hand, vibrating molecules can induce increase in the cell's temperature, as 

"trapped" molecules trying to vibrate suffer from friction. The temperature increase may 

be harmful to healthy biological cells based on their photo-thermal sensitivity. In this 

dissertation, we analytically study the photo-thermal effect on RBCs based on stochastic 

geometry [32]. 
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1.4 Stochastic Geometry for Network Performance Anal

ysis 

Conventionally, wireless network performance is studied using system level simulations, 

and performance metrics, for example, the distribution of signal-to-interference-plus

noise-ratio (SINR), cell center and cell edge user throughput, energy efficiency, etc., 

can be investigated comprehensively. In simulation based network performance studies, 

however, a deterministic network topology (usually a grid) as well as specific system 

parameters are used for simulating different scenarios. This means that exhaustive sim

ulations are always necessary if we want to achieve statistically meaningful results, and 

to thoroughly understand the network performance; and the limitation on the simulation 

numbers may restrict our understanding of the network, and thus results in sub-optimal 

network design. Another shortcoming of simulation based network performance anal

ysis is it is too ideal in modeling the network nodes distribution. Take the modeling of 

cellular networks as an example. In 3GPP evaluation scenarios, BSs are assumed to be 

arranged in hexagonal or square grids and system performance is evaluated using sim

ulations [3]. However, such grid model is not realistic because actual BS deployments 

are restricted by terrain and obstacles. 

Recently, stochastic geometry has gained popularity as a powerful tool for model

ing/evaluating wireless networks [1] [33] not only because it leads to a mathematically 

tractable framework, but also because positions of BSs in real networks often resemble 

point processes [34] [35], which lie at the heart of stochastic geometry. More specif

ically, in stochastic geometry analysis, spatial locations of network objects, e.g., BSs 

and UEs, are modeled as point processes (often Poisson point processes, PPPs) and 

performance metrics are derived by averaging over their potential topological realiza

tions [1]. This provides a tractable approach for analyzing network performance [35]. 
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Also, since the derived analytical expressions reveal the impact of network parameters 

on the performance metrics, it is convenient to optimize the system design. 

A PPP defined in ]Rn is a random process in which the number of points 8 in a 

bounded Borel set B c IRn has a Poisson distribution: 

(1.1) 

where A = J/>.(x)dx is the expectation of the Poisson random variable for some 

intensity >.(x). lf >.(x) is constant (>.(x) =>.),the PPP is said to be homogeneous. 

As noted, all the studies in this dissertation are based on stochastic geometry and 

PPPs. In Fig. 1.2, we show the examples of BS distributions, in which (a) is the hexag

onal BS model used in 3GPP, (b) is PPP based BS model. 

1.5 Summary of Contributions 

In this dissertation, we aim to model and analyze emerging wireless network technolo

gies. Leveraging the mathematical tools from stochastic geometry, we establish mathe

matically tractable frameworks, and develop analytical expressions for network perfor

mance metrics. The main contributions of this dissertation are summarized as follows. 

• Modeling mm Wave cellular downlink communications. In Chapter 2, we in

troduce a novel coverage analysis framework which largely simplifies the mod

eling of mm Wave cellular networks while still taking into account key mm Wave 

features like the blockage effect and beamforming [13] [14]. Since mmWave 

transmissions mainly rely on LOS propagation, we first model obstacles using 

a homogeneous Poisson point process (PPP) to derive the LOS probability. We 

approximate obstacles as cylinders in the analysis, which can be used to model 
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Hexagonal cell layout, 3GPP UMa 
1000 

0 0 0 0 

500 

0 

-500 
0 0 0 0 

-1000 ~---~---~---~--~ 
-1000 -500 0 500 1000 

(a) Grid BS Model of 3GPP 

Cell layout by Homogeneous PPP 
1000 

0 
0 

0 

500 

0 

0 
0 

0 

-500 

0 

-1000 ~ ~ --~---~~---~ ~-----=--~ 

-1000 -500 0 500 1000 

(b) PPP BS Model 

Figure 1.2: Grid and PPP BS models, where (a) is the hexagonal grid BS model used in 3GPP 
Urban Macro scenario, with inter-site distance 500 m, (b) is a spatially random BS model based 
on homogeneous PPP, the BS intensity is the same as that in (a). 
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obstacles in both outdoor scenario (e.g. buildings) and indoor scenario (e.g. hu

man bodies). Equipped with the LOS probability, we then derive the downlink 

coverage probability of a mmWave cellular network. Unlike the current litera

ture that resorts to Rayleigh or Nakagami-m fading for mathematical tractability, 

we use dominant interferer analysis to derive expressions for coverage probabili

ties of mm Wave cellular downlink communications. Dominant interferer analysis 

largely simplifies coverage probability analysis while still offer reasonable ap

proximation to actual network performance, thanks to blockages which actually 

reduce interference from distant interferers. We further investigate the coverage 

of noise-limited mm Wave links. The noise-limited assumption also simplifies the 

coverage probability model and, according to our numerical results, is accurate 

for lower BS densities and for higher obstacle densities. We finally validate our 

analytical results against simulations based on 3GPP network evaluation scenarios 

and channel models. 

• Analyzing the coverage and spectral efficiency of D2D relay-assisted cellular 

communications. 

- In Chapter 3, we investigate the network performance of D2D relay-assisted 

mm Wave cellular downlink communications, and the numerical results show 

that the coverage and spectral efficiency of mm Wave cellular networks can 

be improved using D2D relays [14]. Specifically, we first show that the 

downlink coverage probability of a relay-assisted mm Wave cellular network 

depends on the coverage of the direct cellular and D2D links, which are 

independent when D2D is deployed on the uplink cellular spectrum. We 

then derive the coverage probability for microwave D2D links considering 

both multi-path fading and path loss. Based on coverage probabilities, we 
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derive the downlink spectral efficiency of relay-assisted mmWave cellular 

networks. We also study the effect of D2D transmissions on the cellular up

link resources. Finally, we validate our analytical models against simulations 

based on 3GPP network evaluation scenarios and channel models. 

- Motivated by the significant performance improvement by using D2D relays 

in mmWave cellular downlink communications, in Chapter 4, we propose a 

novel approach to generalize the modeling of two-hop coverage probability, 

which captures the correlation between the cellular link and D2D link, if the 

cellular link and D2D link share the same cellular spectrum [27]. Equipped 

with the coverage probability, we derive the spectral efficiency of D2D relay

assisted networks with a relaying SINR threshold based mode selection strat

egy and show that the spectral efficiency depends on the relaying threshold. 

Our numerical results validate the accuracy of the developed analytical mod

els and demonstrate the coverage and spectral efficiency gains achievable by 

leveraging D2D relays on the uplink of a cellular network. 

• Modeling the photo-thermal effect of nano-optical wireless communications 

on red blood cells. In Chapter 5, we stochastically model the temperature increase 

of a red blood cell induced by electromagnetic (EM) radiation from nanoparticles 

in intra-body nano-optical wireless networks, in which cells and nanoparticles are 

modeled as PPPs within their surrounding biological medium [32]. Specifically, 

we derive the Laplace transform, expectation, and variance of the temperature 

increase at a typical RBC. Using the Laplace transform and a derived 3D LOS 

probability model, we derive an approximated closed-form expression for the dis

tribution of the temperature increase of the RBCs. We finally validate our models 

against simulation results. These contributions help us quantitatively and ana-
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lytically understand the temperature increase of red blood cells induced by EM 

waves from active nanoparticles, so that the operation of intra-body optical wire

less communications can be performed without damaging cells. 



Chapter 2 

MmWave Cellular Network 

Performance Analysis 

MmWave communication is attracting considerable attention from the scientific com

munity and regulators for its potential to fulfill the ever increasing demands for mobile 

broadband access [9]. To fully explore the potential of mmWave cellular communica

tion, it is important to systematically understand its performance. This can be done using 

simulation. However, one shortcoming of simulation based network performance study 

is its lack of tractability. Alternatively, the performance of cellular network can be an

alyzed using stochastic geometry, which has garnered significant attention recently due 

to its mathematical tractability. Existing work on stochastic geometry based mmWave 

cellular network performance analysis often relies on the assumption of specific multi

path fading model, a methodology used in stochastic geometry based microwave net

work performance study. This approach always results in very complicated expressions 

for performance metrics, when mmWave-specific characteristics (e.g. blockage effect, 

beamforming, etc.) are incorporated in the analysis. In this chapter, we propose a novel 

framework for the study of mmWave cellular network performance, which largely sim-
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plifies the mm Wave cellular network analysis and, according to the numerical results, is 

accurate for most deployment scenarios. 

2.1 Introduction 

Due to the weak diffraction ability and less significant scattering, multi-path effects 

in mmWave propagation are negligible. For example, at 60 GHz, the channel closely 

matches an Additive White Gaussian Noise (AWGN) channel [36]. Moreover, weaker 

non-line-of-sight (NLOS) signal strengths makes the coverage holes pronounced; which 

means, from interference perspective, that blockages may help reduce interference from 

distant interferers. These two differentiating features of millimeter waveform propa

gation enable us to simplify the stochastic geometry based mm Wave cellular network 

performance analysis. 

2.1.1 Related Work 

The mm Wave network performance can be studied by simulation. In [37], the authors 

simulated the performance of mm Wave cellular networks using insights from propaga

tion channel measurements. Specifically, a mmWave channel model that incorporated 

blockage effects and angle spread was proposed, and the simulation results show that 

the achievable rate in mm Wave networks significantly outperforms the conventional mi

crowave cellular networks. Generally, in simulation based mmWave network perfor

mance studies, BSs are assumed to be arranged in hexagonal or square grids and system 

performance is evaluated using simulations [6, 37]. However, such grid models are 

known to be too ideal since actual BS deployments are restricted by terrain and obsta

cles. Another shortcoming of grid BS models is their lack of tractability. 

Recently, stochastic geometry has gained popularity as a powerful tool for modeling 
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and analyzing wireless networks. In stochastic geometry based network performance 

analysis, spatial locations of network objects, e.g., BSs and UEs, are modeled as Poisson 

point processes (PPPs) and performance metrics are derived by averaging over their 

potential topological realizations [1]. This provides a tractable approach for analyzing 

network performance [35]. 

Recent works [38, 39, 40] have investigated the mmWave network coverage prob

ability by using stochastic geometry. For mathematical tractability, these works resort 

to assuming either Rayleigh or Nakagami-m small-scale fading model. However, us

ing Rayleigh fading to model mmWave communication small-scale fading is not re

alistic because the scarcity of multi-path in the mmWave signals propagation. While 

in the works that Nakagami-m fading is assumed, although tractability has been com

promised, the performance analysis ends up with very complicated expressions for the 

performance metrics, especially when blockage effect and beamforming are incorpo

rated. As a result, evaluation of these derived expressions is not a easy task. In this 

chapter, we analyze the mmWave coverage probability with mmWave small-scale fad

ing property taken into account, so that the analysis and evaluation of the performance 

metrics can be largely simplified. 

As we have noted, blockage effect plays an important role in mm Wave cellular com

munication. Therefore, a systematic performance study of mmWave network perfor

mance should incorporate the impact of blockages, for example buildings in outdoor 

scenario and human bodies in indoor scenario. In [ 41], the authors recommended a rect

angular obstacle model to capture blockage effect from buildings in outdoor scenario. In 

this chapter, we will use a more generic blockage model to analyze the blockage effect 

in mm Wave communication, which applies to both outdoor and indoor scenarios. 
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2.1.2 Contributions 

The contributions of this chapter are summarized as follows. 

• First, since mmWave transmissions mainly rely on LOS propagation, we model 

obstacles using a homogeneous Poisson point process (PPP) to derive the LOS 

probability. Unlike previous work [ 41], we consider circular obstacles, which can 

be used to model human bodies in indoor scenarios as well. 

• Second, equipped with the LOS probability, we derive the downlink coverage 

probability of mmWave cellular networks. Unlike the current literature that re

sorts to Rayleigh or Nakagami-m fading for mathematical tractability, we use 

dominant interferer analysis to derive the coverage probabilities of mmWave cel

lular downlink communications. Dominant interferer analysis makes the analysis 

of coverage probability largely simplified while still offer reasonable approxima

tion to actual network performance, thanks to blockages which actually reduce 

interference from distant interferers. In the coverage probability analysis, both 

blockages (based on the derived LOS probability model) and beamforming gains 

(obtained using square antenna arrays) are considered. 

• Third, we investigate the coverage of noise-limited mmWave links. The noise

limited assumption significantly simplifies the coverage probability model and, 

according to our numerical results, is accurate for lower BS densities and for 

higher obstacle densities. 

• Finally, we validate our analytical results against simulations based on 3GPP net

work evaluation scenarios and channel models. 
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2.2 System Model 

We model the distribution of BSs as a 2D homogeneous PPP <I>b with intensity Ab- We 

assume that UEs are also distributed according to a 2D homogeneous PPP. To model 

the blockage effect, obstacles are also assumed to be spatially distributed according to a 

homogeneous PPP <I>0 with intensity A0 • 

Since the BSs, UEs, and obstacles form homogeneous PPPs, we focus our analy

sis on a typical destination UE, which we assume is located at the origin o. This is 

permissible in a homogeneous PPP by Slivnyak's theorem [1]. 

2.2.1 Modeling the Obstacles 

A

In general, obstacles have arbitrary shapes. In outdoor environments, major obstacles 

are buildings that can be approximated by rectangles or polygons. In indoor environ

ments, human bodies are common obstacles that can be modeled as cylinders. In [41], 

blockage effects of rectangular obstacles are investigated. In our analysis, to derive a 

single tractable LOS probability model for both outdoor and indoor scenarios, we model 

obstacles as cylinders distributed according to a 2D homogeneous PPP <I> 0 with intensity 

0 • In the next, we first derive the expression for LOS probability based on the obstacle 

assumptions, we then validate our decision to use this model for outdoor scenarios. 

2.2.1.1 LOS Probability 

We approximate obstacles as cylinders that are spatially distributed according to a ho

mogeneous PPP. We derive the LOS probability under the assumption that each obstacle 

Xi has i.i.d. radius r xi E [rmin , rmax] and height h xi E [hmin , hmax] with probability density 

functions (PDF) !R(r) and !H(h), respectively. 

Let <I>0 (r, r + 6r) C <I>0 denote the subset of obstacles with radius ri E (r , r + 6r), 



17 

Obstacle 

d
•-------------

Figure 2.1: Vulnerable region based on the cylindrical obstacle model. 

where t:..r > 0 is arbitrarily small. <I>0 (r, r + t:..r) forms a homogeneous PPP with 

intensity >...0 JR(r)t:..r because all xi E <I>0 (r, r + f::lr) are independent and <I> 0 (r, r + f::lr) 

can be generated by independent thinning from <I>0 • Now consider an obstacle with 

germ (center) xi and radius r i E (r, r + t:..r). The obstacle blocks the direct LOS 

path between the transmitter and receiver if and only if Xi falls into the lightly shaded 

region in Fig. 2.1, which we call the vulnerable region (VR). It is easy to see that the 

number of such points is a Poisson random variable with mean >... 0 JR(r )t:..rAv(r ), where 

Av ( r) = 1rr2 +2rd is the area of the VR, r is the obstacle's radius, and d is the distance 

between the transmitter and receiver. 

Let N denote the number of obstacles blocking the LOS path. N is a Poisson random 

variable with expectation 

IE[N] ~ ~ 1rr 2 + 2rd)Aofn(r)!:,.r ~ Ao(,,c1E[R2 
] + 2d1E[R]). 

Since N is Poisson random variable, the probability that a LOS path exists is the proba

bility that no obstacle falls into the VR. Therefore, we have the following conclusion. 

Lemma 1. The LOS probability between a transmitter and a receiver with distance d is 
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In the remaining part of the paper, the expression of LOS probability is denoted as 

follows for simplicity: 

(2.1) 

When taking obstacle height into consideration, the effective obstacle number N can 

be determined by thinning with a parameter T/, i.e., IE [.N] = TJlE [N ], where [ 41] 

(2.2) 

H E [hmin , hmax] is a random variable representing the height of obstacles, with some 

PDF JH(h); and HTx and HRx are the transmitter's and receiver's antenna heights, re

spectively. For clarity, the coefficient T/ will not be included in the following analysis; 

however, it will be taken into account in our numerical evaluations. 

2.2.1.2 Obstacle Model Validation 

To simplify the exposition and analysis, we adopt a cylindrical obstacle model for both 

outdoor urban and indoor office environments. Intuitively, cylindrical obstacles are rea

sonable approximations of human bodies in indoor environments. To verify the accuracy 

of the cylindrical obstacle model in outdoor environments, we compare the LOS proba

bilities predicted by it and the rectangular obstacle model [ 41] against the statistical LOS 

probability obtained using real building data for the ultra-dense Chicago area [ 42] [ 43]. 

In the cylindrical/rectangular obstacle models, buildings are approximated by cylin

ders/rectangles with average cross-sectional area matching the average cross-sectional 

area of the actual buildings. The obstacle intensity is determined by the average obstacle 

area and the ratio of the area covered by the obstacles. For example, using the cylindri-
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cal model, the obstacle intensity is determined as A0 = 0 (1rIE [R2
]), where~ E (0 , 1) 

denotes the ratio of the area that is covered by obstacles and the random variable R de

notes the obstacle radius. For the rectangular obstacle model, we consider two cases: 

IE [L] = 2IE [W] and IE [L] = IE [W], where IE [W] and IE [L] are the expected length and 

width of the rectangular obstacles, respectively. To evaluate the statistical LOS probabil

ity using real building data, we randomly drop nodes in the simulated area. LOS exists 

between two nodes if neither is inside of a building and there is no building between 

them. The real building data for the Chicago area and the corresponding LOS probabil

ities are shown in Fig. 2.2(a) and Fig. 2.2(b), respectively. We note that~ R;:j 0.38 in the 

simulated area. 

We can see that the cylindrical and rectangular obstacle models obtain very simi

lar LOS probabilities, and the LOS probabilities obtained using the cylindrical obstacle 

model actually match the experimental results better than those obtained using the rect

angular obstacle model. 

2.2.2 UE Association 

Since we assume that mmWave transmission is only possible when a LOS path exists, 

the UE should always associate to the nearest LOS BS. We assume that the locations 

of mmWave BSs form homogeneous PPPs <I>b with intensities Ab- Let d0 denote the 

distance between a typical UE and the associated BS, and A denote the intensity of 

candidate transmitters (A = Ab for BSs in cellular link UE association), the PDF of d0 is 

given as follows. 

Lemma 2 (PDF of distance d0). The PDF of the random variable d0 is 

(2.3) 
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Figure 2.2: Cylindrical obstacle model validation. 
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where A(d, ,\) is given as 

(2.4) 

Proof We remove the NLOS transmitters by p(x)-thinning: a point with coordinates 

xis removed from a parent PPP with probability 1 - p(x) [1]. In our problem, the 

probability that a transmitter located di away from the typical UE is removed is exactly 

the NLOS probability 1 - pL(di)-

By thinning theory, the points retained after p(x )-thinning form an inhomogeneous 

PPP. The average number of retained LOS transmitters falling into the disc B(o, d) 

centered at the typical UE with radius d is 

A(d, ,\) = f( p(x),\(dx) = ( 1r r JJL(x),\xdxd0
1' (o ,d) lo lo 

= 2~~c1 (1 - e-f3d - {3de-f3d). 

The cumulative distribution function (CDF) of d0 is 

Fd0 (d) = IP[do < d] 

= 1 - IP[do ~ d] 

= 1 - exp(-A(d, ,\)) . 

Therefore, the PDF of d0 is derived as 

(d) = dFdo (d) = 21r AC de-A(d,>.)-f3df do dd l · 

□ 
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2.2.3 MmWave Beamforming 

As noted in the introduction, mmWave systems are expected to leverage highly direc

tional beams to extend their transmission range [9] [44]. In this paper, we consider a 

simple sectored antenna array model for both mmWave transmitters and receivers [38]. 

In the mmWave links, </>b and ¢0 denote the half-power beam widths of BSs and UEs, 

respectively. The main lobe gain and side lobe gain of the BSs are denoted by Gmb and 

Gsb, respectively. For receiving UEs, the main and side lobe gains are denoted by Gm0 

and Gs0 , respectively. With the assumption of an N x N uniform planar square antenna 

array with half-wavelength antenna spacing, the beamwidth ¢, main lobe gain Gm, and 

side lobe gain Gs are given as [45] 

</> = l. 732/ N , 

(2.5) 

The antenna array gain 9i from an arbitrary BS i to the typical cellular receiver is shown 

in (2.6). For simplicity, we denote the four possible antenna gains in (2.6) as Gk, 

k = 1, 2, 3, 4. Note that the beamforming gain on the desired cellular link is always 

the on-boresight gain G1 = GmbGm0 • For tractability, we assume that an interfering 

transmitter's antenna boresight is uniformly distributed over [O, 21r). 

fmbGm,, with probability ¢h ¢u 
271" 271" ' 

9i = 
GmbGsu , with probability f! (1 - f;), 

(2.6) 

GsbGmu , with probability ( 1 - ~) f; , 

GsbGsu , with probability ( 1 - f!) ( 1 - f;). 
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2.2.4 Channel Models 

In this chapter, we consider the following path loss model: 

where d (m) is the distance between the transmitter and receiver, Jc (GHz) is the carrier 

frequency, A1 includes the path loss exponent, A2 is the intercept, A3 describes the path 

loss frequency dependence, and Xis an environment-specific term, for example, it can 

be used to describe the wall attenuation. Path loss in linear scale can be expressed as 

PL= A· d°' , where A= 10(A2 + X )/ 10 J:;3110 and a= Ai/10 is the path loss exponent. 

The values of A1 , A2 , A3 and X depend on the deployment scenario. 

We now describe the considered mmWave channel models in detail. Due to the 

properties of mm Wave propagation, multi-path effects are negligible. For example, at 60 

GHz, the channel closely matches an Additive White Gaussian Noise (AWGN) channel 

[36]. Consequently, we do not consider multi-path fading in our mmWave channel 

model. Interference experienced by a mmWave link comes from transmitters that have 

LOS paths to the receiver. On the downlink, interferers are BSs of neighboring cells. 

Thus, the received signal power over a mmWave link of length d is 

(2.7) 

where GTx and GRx denote the antenna array gains at the transmitter and receiver, re

spectively; PTx denotes the transmit power; and B is a Bernoulli random variable with 

parameter PL (d). 
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2.3 MmWave Cellular Downlink Coverage Probability 

Analysis 

The desired signal at the mmWave receiver will experience interference if there is a LOS 

path to an interfering BS. However, the interference power depends on the distance and 

the antenna boresights of both the receiver and the interferer. The SINR at a typical 

receiver 1s: 

SINRo = 2 '°"' t A - Id-a ' (2.8)
CJ + L.,i o Bigi i 

where d0 is the distance between the typical ceiver and the serving BS, which is dis

tributed according to the PDF in (2.3), Bi is a Bernoulli random variable with parameter 

PL(d), and di is the distance between the receiver and BS i . The transmit power is 

incorporated in CJ 
2 

. 

As discussed earlier a typical UE always associates to the nearest LOS BS, which 

has the smallest path loss. Therefore, all other BSs with LOS paths to the typical UE are 

interferers that are farther from the typical UE than its associated BS. We partition these 

interferers into two subsets: dominant and non-dominant interferers [ 46]. A dominant 

interferer can cause an outage at the receiver, whereas a non-dominant interferer only 

contributes marginally to the interference. 

Let I= ~ i~o BigiA - 1dia denote the aggregate interference at the typical receiver. 

Given the SINil_threshold T and the distance d0 between the typical UE and its nearest 
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LOS BS, the coverage probability is: 

(2.9) 

In (2.9), the inequality follows from the fact that the third line only considers the inter

ference from BS i rather than the aggregate interference. We denote by Dr(T , d0 , 9i) = 
1/ a 

d _ f i T A the distance from the typical UE to the boundary of a region around( 2 )go -T aO 

the typical UE where dominant interferers can exist. We refer to this bounded region as 

the interference region (IR). 

As we have seen in Section 2.2.3, the antenna array gain 9i on an interfering link 

depends on the boresights of antenna arrays at both the interferer and the receiver, 

which means that the boundary of the IR varies with the direction. To be more spe

cific, Dr(T , d0 , 9i) can take four different values since there are four possible antenna 

array gams: 

(2.10) 

where Gk is given in (2.6). An IR is shown in Fig. 2.3. Note that since interferers are 

farther than the serving BS, the IR actually excludes a disc B(o, d0 ) centered at the 

typical UE. 

According to (2.10), we further partition the IR into two parts: the near interference 

region (NIR) and the far interference region (FIR). All LOS interferers in the NIR are 
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Figure 2.3: Interference region with antenna array gain considered. 

dominant interferers. However, in the FIR, only LOS interferers with their main lobes 

towards the typical UE are considered dominant. We thus have the following result. 

Theorem 1 (MmWave cellular coverage probability). Given the outage SINR threshold 

T, the coverage probability ofa mmWave cellular link, Pc,c( T ), is given by 

(2.11) 

Ar!(T , X ) ~ ;,c (t(/Jxc-~x - /JD3c-PD, + c-Px - c-PD,) 

+ (21r - <Pu) (fxe-f3x - f3 D1e-f3Di + e-f3x - e-f3Di)) '( 

Af>(T,x) = ~:;~ ( <!>u(f3D~-f3D3 - {3D 4e- f3D4 + e- f3D3 - e- f3D4) 

+ (2,r - <P")({n, c-~D, - /J D,c-PD, + c-PD, - c-~D' )) { 

in which Dk, k = 1, 2, 3, 4, is shorthand for Dk(T , x) as defined in (2.10). 

Proof To investigate the outage caused by interference, we need to remove BSs that do 
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not have LOS path to the typical receiver by p(x )-thinning: a point x is removed from a 

parent PPP with probability 1-p(x). For interferers in FIR, moreover, the retained LOS 

interferers shall be thinned further since only LOS interferers with main lobe towards 

the typical receiver matter. 

By thinning theory, given the distance d0 between the typical UE and its nearest 

LOS BS, and SINR threshold T, the average number of dominant LOS BS falling into 

the NIR is 

Ar'(T, d0 ) ~ f{. p(x)>.b(dx) 

~ 1"ff PL(x)Abxdxd0 + t f PL(x)Abxdxd0 

= ;2c (</>u(/3doe- f3do - /3 D3e-/3D3 + e-f3do - e- f3 D3) 

+ (2,r - 4',)(foe-N" - fJ D1 e-PD, + e-Pdo - e-PD,) )-( 

Average number of dominant LOS BS falling into the FIR can be obtained similarly. 

Note that for FIR, only the BSs with boresight towards typical UE will be retained, i.e. 

a LOS BS in FIR will be retained as a dominant interferer with probability f!. We have 

A~F)(T, do) = </>b fi~p(x),\b(dx)
27r JJ R 

=~<p ( ¢ u A(4PL(X)Abxdxd0 + 1271" JD2PL(X)Abxdxde) 
21r O 3 ¢u D1 

= </>bAbC(/4 (/3 D - /3 D3 _ /3 D - /3 D4 + - /3 D3 _ - /3D4)21rf32 <pu 3e 4e e e 

+ (2,r - 4',) (tD1 e-~D, - fJ D,e-~D, + e-~D, - e-~D,) )-( 

Obviously, the coverage probability by dominant interferer analysis is the null prob

ability, i.e. no retained interferer (BS) falls into both the NIR and FIR. For given outage 
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SINR threshold T, we have 

the coverage probability for a typical UE is 

A(T) ~IE,,, [p,(T, ,Jo)] ~ 140 A(T, X )!do(x)dx 

~2,r ,\be 140 XC -A::''<T ,X )-A(\ T ,X )-A( x ,A, )- ~x dx' 

□ 

Note that (2.11) provides an upper bound on the coverage probability of PPP-based 

BS models because dominant interferer analysis uses a lower bound on the interference. 

We expect that the upper bound is tight for mm Wave because the LOS probability ex

ponentially decreases with distance and square antenna arrays reject interference from 

off-boresight directions, thereby reducing the effective number of distant interferers. We 

validate this in Section V. 

2.4 MmWave Cellular with Noise-limited Assumption 

Recent research suggests that mmWave networks are more likely to be noise-limited 

than interference-limited due to the blockage effect [37] [47]. With the noise-limited 

assumption, a mmWave link with distance d0 experiences an outage if the signal-to

noise ratio (SNR) at the receiver is below a given SNR outage threshold T. Therefore, 
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the coverage probability is 

where Fdo (x) is the CDF of d0 . In other words, the coverage probability of a noise

limited mm Wave link is the probability that at least one transmitter (BS in cellular down

link communications) with LOS path to the typical UE falls into the disc B(o , (T!:2)11°' ). 

We have the following result for a noise-limited mm Wave link. 

Corollary 1 (Noise-limited mm Wave coverage probability). Given an SINR threshold 

T, the coverage probability of a noise-limited mm Wave link is 

where >. is the transmitter intensity, i.e., >. = >.b for a cellular link. 

We note that the coverage probability expression for mm Wave links is significantly 

simplified under the noise-limited assumption. In Section 2.5, we evaluate the accuracy 

of this assumption. 

2.5 Numerical Results 

In this section, we validate our analytical results against simulations based on 3GPP 

network evaluation methodologies, and explore the effect of different parameters on 

the coverage probabilities. In Section 2.5.1, we describe the simulation setup. In Sec

tion 2.5.2, we investigate the effects of 2D/3D distance on the coverage probabilities. In 
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Table 2.1: List of configuration parameters for performance evaluation 

Parameters UMa Ind 
BS intensity Ab (BS / m~) 4.62 X 10-o 2 X 10-0 

Obstacle radius [rmin , Tmax] [20, 30] [0 .3, 0.6] 
Obstacle height [hmin, hmax] [5 , 25] [1, 2] 
Obstacle thinning (cellular) T/C 0.5875 0.5 
BS antenna height (m) 25 3 
BS Tx power (dBm) 35 24 
UE antenna height (m) 1.5 1 
Noise power (dBm/Hz) -174 -174 
UE noise figure (dB) 9 9 

Section 2.5.3, we validate the derived coverage probabilities for the mmWave cellular 

links. Finally, in Section 2.5.4, we evaluate the noise-limited assumption for mm Wave 

cellular links. 

2.5.1 Simulation Setup 

We compare our analytical results against Urban Macro (UMa) and Indoor Office (Ind) 

3GPP mmWave evaluation scenarios [6], and PPP-based network models. All of our 

simulations use the UE association strategy described in Section 2.2.2 to be consistent 

with our analytical results. Below, we describe the simulation setup. Key simulation 

parameters are listed in Table 2.1. 

2.5.1.1 BS and UE distributions 

In 3GPP's grid-based evaluation models, the UMa scenario has a hexagonal cell layout 

with an inter-site distance (ISD) of 500 m. Meanwhile, the Ind scenario for mmWave 

evaluation has 12 BSs in a 50 m x 120 m rectangular area, where each BS covers an area 

of size 25 m x 20 m (Figure 7.2-1 in [6]). For the PPP-based network models, the BSs 

are dropped according to 2D homogeneous PPPs with intensities Ab= 4.62 x 10-5 / m2 

and Ab = 2 x 10-3 / m2 to match the average BS ISDs/densities in the 3GPP UMa and Ind 
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scenarios, respectively. In both grid- and PPP-based network models, UEs are assumed 

to be dropped according to a 2D homogeneous PPP. 

2.5.1.2 Obstacle distributions 

We assume that the obstacle radius Rand height Hare uniformly distributed on [r min , rmax] 

and [hmin , hmax], respectively. Obstacle distribution parameters are set differently in the 

two scenarios according to their obstacle characteristics. Note that for the UMa sce

nario, we consider a moderately dense urban area with obstacle coverage~ = 0.2. In 

the Ind scenario, the obstacle parameters in Table 4.1 imply that there are 15 obstacles 

in a 100 m2 area on average. The obstacle thinning parameters T/c and T/o are computed 

from the distribution of H and the BS/UE antenna heights. 

2.5.1.3 Antenna configurations 

To model beamforming, we assume that mm Wave transmitters and receivers are equipped 

with uniform planar antenna arrays. We consider BSs with Nb x Nb antenna arrays, with 

Nb = 8 and Nb = 4, i.e., 64 and 16 transmit antennas, respectively. We assume that all 

UEs have Nu x Nu = 2 x 2 antenna arrays for receiving. Antenna array gains and beam 

widths are determined according to (2.5). For example, the main lobe gain, side lobe 

gain, and beam width of a 4 x 4 square antenna array at the BS are Gmb = 12.04 dB, 

Gsb = 0.69 dB and </>b = 24.8°, respectively. 
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2.5.1.4 Channel models 

We use path loss models from 3GPP evaluation methodology documents. For mmWave 

links, the LOS path loss models for the UMa and Ind scenarios are [6]: 

PL= 32.4 + 20 log10 (d) + 20 log10 (Jc) and 
(2.13) 

PL = 32.4 + 17.3 log10 ( d) + 20 log10 (Jc), 

respectively, where dis the distance in meters and f c is the carrier frequency in GHz. 

In the simulations, we set the carrier frequencies for mmWave cellular to 28 GHz, and 

the bandwidths to 100 MHz. The linear scale path loss parameter A in (2.7) can be 

computed from these path loss equations as described in Section 2.2.4. 

Note that 3GPP uses 3D distance in its mmWave path loss models. To avoid com

plicating the stochastic geometry based performance analysis, we use 2D distance ford, 

which is commonly assumed in stochastic geometry based network performance analy

sis. We will validate the approximation of 3D distance by 2D distance in the path loss 

model in Section 2.5.2. 

2.5.2 Validation of the 2D Distance Approximation of Path Loss 

Model 

The 2D and 3D distances are different in cellular links because of the different BS and 

UE antenna heights. Using 3D distance leads to a non-homogeneous point process of 

BSs from the perspective of the typical UE (because they are on different plains), which 

significantly complicates the analysis. On the other hand, using the 2D distance allows 

us to maintain homogeneity of the point process and keep the analysis relatively simple. 

To validate our decision to use 2D distance instead of 3D distance, we compare the path 
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loss and coverage probabilities under each assumption. 

Denote by hb and h0 the antenna height of BS and UE, respectively. We have 

where d30 and d20 are the 3D and 2D distance between BS and UE, respectively. Given 

the path loss model in (2.13), it is easy to verify that 

PL30 = PL20 + 5alog10 1 + ( hbd-2ohu ) 2) ' 

where a is the path loss exponent. This equation tells us that the error 5a log10 (1 + 

( hbd-h" )2) is introduced to the path loss model in mm Wave cellular link when 2D distance 
2D 

is used. Take UMa as an example. The 5th and 50th percentiles of desired BS-UE link 

distances are 65.8 m and 285.1 m, respectively; and the corresponding path loss error 

are 0.52 and 0.03 dB, respectively. 

Although the error introduced by using the 2D distance instead of the 3D distance 

seems marginal, does this translate to large errors in the coverage probabilities? To 

answer this question, we compare the cellular coverage probabilities obtained via sim

ulations using both 2D and 3D distances in the mmWave path loss model. Fig. 2.4(a) 

and Fig. 2.4(b) show the coverage probabilities in the UMa and Ind scenarios, respec

tively. In the UMa scenario, the average percent error in the coverage probabilities is 

only 0.94% (resp. 0.85%) when there are 8 x 8 (resp. 4 x 4) BS antennas, due to the 

small path loss deviation at the relatively large BS-UE distances. On the other hand, for 

the Ind scenario, the average percent error in the coverage probabilities is 5.38% (resp. 

6.11 %) when there are 8 x 8 (resp. 4 x 4) BS antennas because the BS-UE distances 

are much smaller. We conclude that approximating the 3D distance with the 2D dis-
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tance does not significantly affect the path loss for the majority of cellular links and, 

furthermore, results in only minor underestimation of the coverage probabilities. 

2.5.3 Validation of Analytical Expressions 

In this section, we compare our analytical results against the UMa and Ind 3GPP mm Wave 

performance evaluation scenarios, and PPP-based network simulations, as described in 

Section 2.5 .1. To calculate the SINR in the mm Wave simulations, we consider the inter

ference power from all effective LOS interferers. In contrast, our analytical results only 

consider dominant interferers. The multiplexing factor p is set to be 1, which means we 

consider a fully loaded uplink network model with orthogonal multiple access such that 

the BS schedules exactly one cellular UE or D2D UE on each uplink sub-channel at a 

given time within a cell. 

2.5.3.1 Mm Wave Cellular Link Coverage 

In Fig. 2.5, we compare the mmWave cellular coverage probabilities, obtained analyt

ically from (2.11), against PPP- and 3GPP grid-based model simulations. For illustra

tion, the obstacle densities, ~' for the UMa and Ind scenarios are set to 0.2 and 0.08, 

respectively. As expected, the analytical results obtained by dominant interferer analy

sis provide an an upper bound on the PPP-based model simulations. Additionally, for 

large SINR thresholds, the analytical results for the UMa scenario are bounded by the 

grid and PPP simulations. We conclude that the analytical coverage probability expres

sion in (2.11) derived by dominant interferer analysis is a reasonable approximation in 

both 3GPP UMa and Ind scenarios. 

Another interesting observations about Fig. 2.5 is, the analytical coverage probabil

ity declines faster starting around T = 16 dB. This happens because, if T < 16 dB, then 
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Figure 2.4: Comparison of cellular coverage probabilities using 2D and 3D distances in the 
3GPP mm Wave path loss models. We can see that the differences of coverage probabilities 
caused by the 2D/3D distance is negligible. 
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Figure 2.5: Validation of the mm Wave cellular coverage probabilities in (2.11) with respect to 
the SINR threshold. 
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the radius of the off-boresight NIR D 1 ( T , d0 ) defined in (2.10) and illustrated in Fig. 2.3 

is smaller than d0 . In other words, the NIR determined by D 1 ( T , d0 ) does not contribute 

interference when T < 16 dB. Note that the SINR threshold that the decrease of cover

age probability becomes faster depends on antenna configurations and fading model. We 

can also observe that the BS's antenna array size has a significant effect on the coverage, 

with larger arrays achieving higher coverage probabilities. In the remaining evaluations, 

we default to 8 x 8 BS antenna arrays. 

In Fig. 2.6, we show the mm Wave cellular coverage probabilities in (2.11) with re

spect to the SINR threshold for several obstacle densities. We observe that the analytical 

results obtained by dominant interferer analysis become increasingly accurate as the ob

stacle density increases. This observation also implies that dominant interferer analysis 

cannot provide accurate SINR distribution when obstacles are less dense. For exam

ple, in Ind, dominant interferer analysis accurately models the SINR distribution when 

~ > 0.12. Another interesting observation is that higher obstacle densities lead to higher 

coverage probabilities at high SINR thresholds. In other words, blockages help UEs 

achieve higher SINR in mm Wave networks because they block signals from potential 

interfere rs. 

2.5.4 Noise-Limited MmWave Link Coverage 

In this section, we study the mm Wave cellular link coverage probability under the noise

limited assumption. We compare the analytical results calculated according to (2.12) 

with PPP-based BS model simulations to determine if we can ignore interference on 

mm Wave links. In the simulations, both interference and noise are taken into account. 

The coverage probabilities for noise-limited mmWave cellular links, obtained an

alytically from (2.12), are shown in Fig. 2.7 with respect to the BS intensity. The 
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Figure 2.6: Validation of the mmWave cellular coverage probabilities (2.11) with respect to 
obstacle densities against the PPP-based model simulations. 
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noise-limited analytical results are compared against the analytical results obtained by 

dominant interferer analysis and PPP-based BS model simulations considering both in

terference and noise. Note that the urban macro and indoor office scenarios are based 

on the UMa and Ind scenarios, respectively, with parameter configurations in Table 4.1, 

but with variations in the BS and obstacle densities. Here, we fix the outage threshold 

to T = 10 dB and express the BS density using the equivalent ISD. 

In both scenarios, the mmWave cellular link is noise-limited at low BS densities/large 

ISDs and interference-limited at high BS densities/small ISDs. We observe that for each 

obstacle density, there is an effective ISD threshold below which the network tends to be 

interference-limited. For example, for~= 0.2 in the urban macro scenario and~= 0.08 

in the indoor office scenario, ISDs below 700 m and 40 m, respectively, demonstrate 

interference-limited behavior. Furthermore, this BS density threshold increases with the 

obstacle density. We also observe that dominant interferer analysis becomes inaccurate 

at extreme BS densities/very small ISDs due to the increase in interference in extremely 

dense mmWave BS deployments. 

2.6 Conclusion 

Using stochastic geometry, we derived coverage probability models for the downlink of 

mmWave cellular networks with blockage effect and beamforming taken into account. 

Our analytical and simulation results provide numerous important insights on the per

formance of mmWave cellular networks: 

• Dominant interferer analysis provides a reasonably tight upper bound on the cov

erage probabilities obtained by PPP-based BS models for mmWave links, and this 

upper bound is tighter for higher obstacle densities. Dominant interferer analysis 

becomes inaccurate at extremely high BS densities/low ISDs, particularly when 
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Figure 2.7: Validation of the coverage expression in (2.12) for noise-limited mmWave cellular 
links against the PPP-based model simulations. Note that there is an optimal BS density that 
increases with the obstacle density. 
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the obstacle density is low. 

• Obstacles play an important role in mitigating interference on mm Wave links. On 

mmWave links, higher obstacle densities lead to higher coverage probabilities at 

high SINR thresholds. 

• Mm Wave cellular links are noise-limited at light to moderate BS densities, but 

become interference-limited at higher BS densities. The BS density at which they 

become interference-limited increases with the obstacle density. 

• Given a network scenario, the coverage probability is maximized at some BS 

density threshold; increase of BS density beyond this threshold leads to decrease 

of coverage probability; the BS density that maximizes the coverage probability 

increases with the obstacle density in mm Wave cellular networks. 

We will study the performance improvement of mm Wave cellular networks using 

D2D relay in next chapter. 



Chapter 3 

Improving the Coverage and Spectral 

Efficiency of MmWave Cellular 

Networks Using D2D Relays 

In the previous chapter, we analyzed the coverage probability of mmWave cellular net

work using dominant interferer analysis, with blockage effect and mm Wave beamform

ing incorporated. As we have seen, dominant interferer analysis largely simplifies the 

coverage probability evaluation, while still provides reasonable approximation to the 

actual coverage probability. At the meantime, we noted that coverage holes are created 

due to the presence of blockages, as mm Wave propagation mainly relies on LOS path. 

A straightforward solution to overcome blockages in mmWave cellular networks is 

to deploy more mmWave base stations (BSs). Although mmWave systems are expected 

to leverage highly directional steerable beam antenna arrays to extend their transmission 

range and to reduce intercell interference from off-boresight directions [ 48], significant 

interference may still be experienced in dense BS deployments. For example, the signal

to-interference-plus-noise ratio (SINR) at a user equipment (UE) that is located in the 
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LOS path of a directional beam from an interfering BS will be severely degraded [36]. 

The likelihood of this happening increases with the BS density, so interference manage

ment/coordination becomes a challenge in dense mmWave networks. The analytical and 

simulation results in this paper verify this intuition. 

Another promising approach to extend coverage in mmWave cellular networks is 

to allow an intermediate relay node to forward traffic from a BS to a destination UE, 

which has poor links to nearby BSs. Due to the potential to route around blockages, 

using two-hop relay transmissions can improve mmWave coverage. In general, the relay 

transmission could be completed in the mmWave or microwave spectrum, and a relay 

node can either be deployed by an operator, e.g., a so-called infrastructure relay in long 

term evolution (LTE) [ 49], or can be an idle UE that is used opportunistically. This 

latter case is attractive because it does not drastically change the network topology or 

infrastructure requirements. Since a UE serving as a relay connects to a destination UE 

via a device-to-device (D2D) link, we refer to it as a D2D relay. In this chapter, we 

study the coverage and spectral efficiency improvement in mmWave cellular downlink 

using D2D relays. 

3.1 Introduction 

3.1.1 Related Work 

D2D relaying to extend network coverage for public safety use is introduced in Release-

13 LTE-Advanced [50]. In [51], we address the problem of incentivizing UEs to relay in 

commercial cellular networks. Currently, there is only limited research on D2D relay

assisted mmWave cellular communications [52] [53] [54] [55]. In [52], the authors use 

stochastic geometry to analyze the connectivity of mmWave networks with multi-hop 
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relaying. In particular, they derive the probability that there exists at least one path to 

route a directional mm Wave signal from a source to a destination with the potential help 

of relays. They demonstrate that multi-hop relaying can improve connectivity, but do 

not analyze the coverage probability or spectral efficiency. Note that, unlike connec

tivity, coverage depends on the SINR. In [53], the authors investigate the probing and 

relay selection problem in two-hop relay-assisted mm Wave cellular networks using an 

i.i.d. Bernoulli obstacle model and, in [54], the authors analyze the energy efficiency 

of relay-assisted mmWave cellular networks. However, neither [53] nor [54] analyze 

the coverage probability or spectral efficiency. In [55], the authors analyze the cover

age probability of relay-assisted mmWave cellular networks assuming that the UE is 

associated with the nearest BS or, if the nearest BS is non-line-of-sight (NLOS), then it 

associates with the nearest relay. In contrast, we consider a two-hop relaying model in 

which mode selection depends on the BS-UE, BS-relay and relay-UE link signal quali

ties. 

3.1.2 Contributions 

In this chapter, we analyze the downlink performance of a two-hop relay-assisted mm Wave 

cellular network using stochastic geometry. In the considered mm Wave network, a 

downlink transmission is switched from direct cellular mode to D2D relay mode if 

there is an outage of the cellular link, but a relay UE is available that can help com

plete the transmission from the BS to the destination UE. For D2D transmissions (from 

relay UEs to destination UEs), both mm Wave and microwave D2D are possible options. 

Intuitively, mmWave D2D is likely to achieve higher data rates due to the increased 

bandwidth available in the mm Wave band, while microwave D2D is expected to achieve 

better coverage in dense blockage scenarios because of the better propagation properties 
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in the microwave band. Therefore, we study and compare both D2D relay schemes. 

Here, the microwave band refers to the sub-6 GHz spectrum used in conventional cellu

lar networks. 

Our contributions are as follows : 

• We derive the coverage probability for microwave D2D links considering both 

multi-path fading and path loss. Considering the huge difference of path loss in 

LOS and NLOS propagation, we use different path loss models for different LOS 

and NLOS propagation scenarios and derive the coverage probability using the 

law of total probability. 

• We show that the downlink coverage probability of a relay-assisted mmWave cel

lular network depends on the coverage of the direct cellular and D2D links, which 

are independent when D2D is deployed on the uplink cellular spectrum. 

• We derive the downlink spectral efficiency of the relay-assisted mmWave cellular 

networks. We also study the effect of D2D transmissions on the cellular uplink 

resources. 

• We validate our analytical results against simulations based on 3GPP network 

evaluation scenarios and channel models. We then explore the effect of different 

parameters on the performance of relay-assisted mmWave cellular networks. Our 

results demonstrate that two-hop D2D relays can improve coverage and SE across 

a variety of network configurations and that microwave D2D relays achieve higher 

performance gains than mmWave D2D relays, except under extremely dense BS 

deployments, i.e., dense interferers. 



46 

Network Model G~tmode relay UE 

\ \ MmWa'::"n2D relay 

relayUE ' \ ~ U 

BS 

D ----S-- Microwave link 

--7-- MmWave link 

Figure 3.1: Three transmission modes in the D2D relay-assisted cellular downlink transmis
sions: cellular/direct mode, mmWave D2D relay mode, and microwave D2D relay mode. 

3.2 System Model 

3.2.1 Two-hop Transmission Model 

Based on the above discussion, operating in mmWave D2D relay mode requires the re

lay UE to have LOS paths to both the mmWave BS and the destination UE. On the other 

hand, to operate in microwave D2D relay mode, the relay UE must have a LOS path to 

the mmWave BS, but does not require a LOS path to the destination UE. Intuitively, we 

expect the latter case to achieve better coverage due to the relaxed requirements on the 

relay UEs. The three transmission modes investigated in this work are shown in Fig. 3.1. 

Note that we assume D2D transmissions share the cellular system's uplink spectrum re

sources, i.e., uplink mmWave spectrum or uplink microwave spectrum. Deploying D2D 

communication in the uplink spectrum is known to provide higher spectral efficiency 

than in the downlink spectrum because there is relatively lower interference and it is 

often underutilized [50] [56]. Furthermore, we assume that the network employs either 

microwave D2D relays or mmWave D2D relays, but we do not consider the case that 

both D2D relay modes are deployed in the same cellular network at the same time. We 

plan to investigate the latter case in future research. 
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3.2.2 Geometric Assumptions on D2D Links 

We model the distribution of UEs as a 2D homogeneous PPP and that they are parti

tioned between active and idle UEs, where idle UEs are candidate relays. The candidate 

relay UEs can be determined by independent thinning on the set of all UEs. We use <I>r 

and,\ to denote the point process and intensity of candidate relay UEs, respectively. 

Since D2D transmissions are employed on uplink spectrum, inteference on D2D 

links come from the uplink or other D2D link transmitting UEs, i.e. interferers are 

cellular uplink users and D2D transmitters from other cells that happen to have been 

scheduled on the same frequency. Recall that we consider overlay D2D operation such 

that an uplink sub-channel can be used by at most one UE at a given time either for 

cellular uplink transmission or for D2D transmission, i.e. orthogonal multiple access 

on uplink. To account for this, we define a multiplexing factor p, which represents the 

average number of UEs transmitting on each sub-channel within the cell, and p :s; 1. In 

a network with full-buffer traffic model, p = 1. 

Note that uplink interferers do not necessarily form a homogeneous PPP if the BSs 

form a homogeneous PPP [57]. However, it has been shown that the dependencies 

between scheduled UEs in the uplink and their associated BSs are very weak [58]; and 

both [59]'s and our numerical results show that such an approximation matches well 

with the simulation results using the exact interferer distribution. As a result, the point 

process of interferer may be approximated by a homogeneous Poisson distribution with 

intensity pAb-

3.2.3 D2D link UE Association 

To be consistent across the different types oflinks considered in this paper (i.e., mm Wave 

cellular, mm Wave D2D, and microwave D2D), we assume that the receiver UE always 
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associates with the transmitter that has the smallest path loss. Here, "transmitter" refers 

to the mmWave BS on a cellular link or the relay UE on a D2D link. 

As can be seen in the previous section, cellular link UE association aligns with 

the above criterion. For mmWave D2D link, the above criterion indicates that the UE 

always associates with the nearest LOS candidate relay UE in mmWave D2D relay 

mode. Consequently, the PDF of do,L, the distance between the typical UE and the 

associated mmWave candidate relay UE, has the same expression as that for mmWave 

cellular downlink, with >. = >-r- While for microwave D2D, this criterion means that 

the typical UE associates with the nearest LOS candidate relay UE or the nearest NLOS 

candidate relay UE, depending on which one provides the smallest path loss. Let do,N 

denote the distance between the typical UE and the nearest NLOS candidate relay UE. 

The PDF of do ,N is given in the following lemma. 

Lemma 3 (PDF of the distance do,N)• The PDF of the random variable do ,N is 

fdoN(d) = 21r>.d(l - ce- f3d) eA(d,>.)-1r>-d2, (3.1) 

where A(d, >.) is defined in (2.4). 

Proof The proof is similar to the proof of Lemma 2 and is omitted to save space. □ 

3.2.4 D2D Link Channel Models 

3.2.4.1 Mm Wave D2D Channel Models 

For mmWave D2D links, we use the same channel models as defined in Section 2.2.4, 

i.e. the channel models used for mmWave cellular links. But note that the parameters B 

and PTx for mmWave D2D links may be different from that for cellular links due to the 

different LOS probabilities and transmission powers in the two link types. 
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3.2.4.2 Microwave D2D Channel Models 

Multi-path effects play an important role in microwave signal propagation. For tractabil

ity, we assume microwave D2D signals experience Rayleigh fading. Rayleigh fading 

refers to the channel fading that the magnitude of the received signal varies randomly 

according to a Rayleigh distribution; or the instantaneous channel power gain, h, is 

exponentially distributed with probability density function (PDF) 

in which 1/ µ is the average channel power gain. 

In addition to Rayleigh fading, we consider both LOS and NLOS propagation by 

using different path loss models for each case. Note that in microwave communica

tions, Rayleigh fading is used when there is no dominant LOS path and Rician fading 

is typically used when there is a dominant LOS path. However, since large scale fad

ing contributes significantly more to the signal power attenuation, we incorporate the 

LOS/NLOS effect into the path loss model instead of complicating our analysis with 

Rician fading. We have validated this approximation in several scenarios under differ

ent parameter configurations against simulations using Rician fading. We omit these 

results due to space limitations. 

Given the above fading assumptions, the received power over a microwave D2D link 

with length d is modeled as 

where Bis a Bernoulli random variable with parameter PL(d), and the notation AdAN 

and adaN are used to differentiate between LOS and NLOS path losses on microwave 
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D2D links. 

3.3 Coverage Probability of Downlink Two-hop Trans-

missions 

In the coverage analysis of D2D relay-assisted mm Wave cellular networks, we consider 

D2D as an underlay to the uplink cellular network [56], i.e. D2D links share the cellular 

system's uplink resources. As usual, we say that a receiver is within the coverage of 

a transmitter (respectively, in outage) if the SINR at a receiver is above (respectively, 

below) a threshold T. 

Let Pc (T) 6 IP(SINR > T) denote the coverage probability in terms of outage 

SINR threshold T. In the considered D2D relay-assisted cellular network, the down

link transmission switches from cellular to D2D relay mode when the direct cellular 

link has SINR smaller than an outage threshold T and there exists an idle UE such 

that both the cellular link (from the BS to the idle UE) and the D2D link (from the 

idle UE to the destination UE) have SINRs above T. On the other hand, an outage 

occurs if the direct cellular link experiences an outage and such an idle UE does not 

exist. It follows that the overall downlink coverage probability can be expressed as 

Pc(T) = 1- [1-Pc,c( T)][1-Pc,R(T)], where Pc,c(T) is the coverage probability of the cel

lular downlink and Pc,R(T) is the relay-assisted two-hop coverage probability. Because 

the cellular downlink and D2D transmissions are completed in orthogonal frequency 

bands, i.e., one is on the downlink spectrum and one is on the uplink spectrum, we 

model the coverage of each link as independent1
; therefore, Pc,R(T) = Pc,c(T)Pc,o(T), 

1Note that in practice, cellular and D2D link coverage may be correlated because the two links may 
share obstacle(s). For simplicity, we ignore this source of correlation. However, we will consider it in 
future work. 
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where Pc,c (T) and Pc,D(T) are the coverage probabilities of the cellular downlink and 

D2D link, respectively. It follows that the overall downlink coverage probability in a 

D2D relay-assisted cellular network can be expressed as 

Pc (T) = 1 - [ 1 - Pc,C (T) ][1 - Pc,c (T) Pc,D (T)] 
(3.2) 

=Pc,c(T) [l + Pc,o(T)] - P~,c(T)Pc,o(T). 

We have already derived the coverage probability of the mmWave cellular downlink, 

Pc,c (T), in Chapter 2. In the next, we derive the coverage probability, Pc,o ( T), for D2D 

links. Then the coverage probability of the cellular downlink with D2D relay assistance 

can be calculated directly from the above equation. As we have noted, D2D transmission 

can be employed on either mmWave uplink spectrum or microwave uplink spectrum. We 

analyze the coverage probability for mmWave D2D links in Section 3.3.1, and coverage 

probability for microwave D2D links in Section 3.3.2. 

3.3.1 Coverage Probability of Mm Wave D2D Links 

We still use dominant interferer analysis to derive the coverage probability of mmWave 

D2D links. Recall that uplink inteferers can be approximated by a homogeneous PPP 

with intensity pAb- We have the following result. The proof is omitted because it is 

similar to that of Theorem 1. 

Theorem 2 (Mm Wave D2D coverage probability). Given the outage SINR threshold T, 

the coverage probability ofa mmWave D2D link is given by 

P , ,D ( T) ~ 2,r ,\ ,c J40 XC- A("' ( T ,X )-Ar ' (T ,X )-A(x,A, )-~x dx , (3.3) 

where Ar is the intensity ofcandidate relay UEs, A(x, Ar) is defined in (2.4), and A[N>(T , x) 



52 

and Nt> (T,x ) are defined as: 

A[N>(T,do) =p;~c ( <!>u(l- {3 D3e- f3 D3 - e- f3 D3 ) ( 

+ (2,r - </>"l(Y- f)D1e-~D, - e-~~'))/ 

A',;' ( T , d-0 i ~ 1>;:~:c(t(f1,e-~D, - f3 n.e-PD, + e\.,,D, _e-~D,l ( 

+ (21r - </,") ttn,e-~D, - f3 D,e-~D,+ e-~D, - e-~D,)){ 

in which Dk is shorthandfor Dk(T , x ) as defined in (2.10), but using the array gains Gk 

of the D2D links. 

Note that in computing D2D link LOS probability, the value of obstacle thinning 

parameter T/ may be different from that for cellular links because the two link types 

may have different transmitter antenna heights. Therefore, although we still use the 

parameter c and f3 for D2D links, their values in evaluations may be different. 

3.3.2 Coverage Probability of Microwave D2D Links 

As in Section 3.3.1, we approximate interferers on the microwave D2D link as a ho

mogeneous PPP with intensity p>..b. Under the UE association rule introduced in Sec

tion 3.2.3, we have the following result for microwave D2D links. 

Theorem 3 (Microwave D2D coverage probability). Given the outage threshold T and 

candidate relay VE intensity Ar, the coverage probability of a microwave D2D link, 

Pc,D (T ), is given by 
(3.4) 

where 

(3.5) 
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is the probability that the typical VE associates with a LOS candidate relay VE, SN = 

1 - SL is the probability that the typical VE associates with a NLOS candidate relay 

VE, and ii= (AL/AN) 1/°'N . In (3.4), Pc,N(T) and Pc,L(T) are the coverage probabilities 

given that the nearest NLOS and nearest LOS candidate relay VEs are selected as a 

relay, respectively: i.e., 

Pc,N (T) ~ 2'7l',\, J( X ( 1 - ce- Px ) eA(x,A, )-xA,x'-wu' A,x"N ,CI (wANx"" )dx and 

(3.6) 

Pc,r}T) ~ 2'7l',\,c 140 e-A(x ,A, )- Px -µru'A, x" ' ,CI(wA,;,;"' )dx, (3 '7) 

where £ 1 ( s) is the Laplace transform of the interference, 

(3.8) 

Proof Denote do ,N and do,L the distances from the typical UE to its nearest NLOS can

didate relay UE and nearest LOS candidate relay UE. The nearest NLOS candidate relay 

UE will be selected as relay if AL1do,~L < Ar:/do,~N.For Ar > 0, we have 

(3.9) 

where A(d, ,\) is given as (2.4). SN here is defined as the probability that UE asso

ciates to a LOS candidate relay UE. Similarly we can obtain SL, the probability that UE 
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associates to a NLOS candidate relay UE, and SL + SN = 1. 

The coverage probability of a D2D link, given that the D2D link is NLOS ( or, UE 

associates to the nearest NLOS candidate relay UE) and has length do ,N, is 

hA-1d-°'N 
Pc,N(T, do ,N) =IP[ (J"~ +or > T] 

=lE1 [IP[h > T ANd~,~ (o-
2 + I) I]] ( 

(3.10) 
C!!)]E [ -µTANd~%(a 2+I)] - 1 e , 

where (a) follows the fact that h ~ exp(µ), £ 1 (·) denotes Laplace transform of inter

ference I. With Rayleigh fading interference, we have [60] 

Note that the path loss exponent of interference links is assumed to be aN. Now we have 

Pc,N (T) =lEdo,N [Pc,N (T, do ,N)] ( 

~ f~o Pc,N(T, x )fdoJ :)dx (3.11) 

~21r .\, !( x (l - ce- ~x )eA(x ,A, )-xA,x' -wu' ANx"N L,(wANx"N )dx . 

When the nearest LOS candidate relay UE is selected as relay, i.e. A-1d-°'L >L O,L 

2
-µTALd°'La r ( A d°'L)

Pc,L (T, dO,L ) = e O,L /...,J µT L O,L ' 
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and 

Pc,L(T) =lEdoL lPc,L(T, do,L)] 

~ 14 Pc,L(T, x)/<1,,,(x)dx (3.12) 
0 

~2,r.\,c 140 C-A(x,A,)- ~x -ra' A,x" ' £ I (T ALx"')dx , 

By the law of total probability, the microwave D2D link coverage probability for 

given SINR threshold T is 

We thus complete the proof. □ 

Since UEs with NLOS paths to the destination UE can serve as relays, we expect to 

achieve better coverage using microwave D2D relays than using mmWave D2D relays. 

We will verify this intuition in Section 3.5. 

3.4 Spectral Efficiency 

Spectral efficiency (SE) is defined as the bit rate per unit bandwidth per cell. In general, 

the SE can be calculated using Shannon's theorem: ry 6 log2 (1 + SINR) (bits/s/Hz). 

Given the cellular coverage probability Pc,c (T), the average downlink SE can be evalu

ated as follows [38] : 

(3.13)"I ~ 1:2 40 Pc,c(t \ : t dt 

In D2D relay-assisted networks, however, (3.13) no longer holds. Intuitively, the 

downlink SE of a relay-assisted network depends on the mode selection strategy, which 

determines whether a UE is served in direct or relay mode. In this paper, we consider a 
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mode selection strategy that the downlink transmission is switched from direct cellular 

to D2D relay mode if the cellular link's SINR is below a threshold T, and a candidate 

relay UE is available which has SINRs above T on both the BS-to-relay and relay-to

UE links. Apparently, the SE of a relay-assisted mmWave cellular network depends on 

the relaying SINR threshold T. We first derive the average SE of the cellular downlink 

conditioned on the SINR being above or below T. Then, using Pc( T) defined in (3.2), we 

derive the average downlink SE using the total expectation theorem. Finally, we quantify 

the amount of uplink resources used by D2D links to support the relay transmissions. 

The average downlink cellular SE conditioned on SINR > T can be expressed as 

follows : 

,Yc(T) = IE [log2(1 + SINR) ISINR > T] 

IE [l [T,oo) (SINR) log2 (1 + SINR)] 
IP(SINR > T) 

= _l (ln(l + T) + l rr Pc,c(t) dt) (
ln 2 Pc,C (T) } \ t + 1 

where 1A(x ) is an indicator function that evaluates to 1 if x E A and O otherwise. 

Similarly, the average downlink cellular SE conditioned on SINR :s; T can be expressed 

as: 

A{ Pc,c(x ) 'Yc(T) = ( 1 ( )) ( -Pc,c(T) ln(l + T) + --dx) (
1n 2 1 - Pc,C T 1 + X 

Then, by the total expectation theorem, the average SE on the downlink of a D2D relay

assisted network with relaying SINR threshold T is 

(3.14) 

Note that if T -+ 0, then relay transmissions are not needed because Pc,c(0) = 1. If 

T -+ oo, then no candidate relays exist because Pc,c( oo) = Pc,o(oo) = 0. Therefore, in 
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both cases, ry (T)-+ ry , where ry is the average cellular SE defined in (3.13). It is easy to 

verify this intuition from (3 .14). 

The overall coverage probability in terms of an outage threshold can be thought 

of as the fraction of cellular transmissions with SINRs above that outage threshold. 

Thus, given the relaying threshold T, (1 - Pc,c(T))Pc,R(T)wct1 downlink resources are 

used by BS-to-relay links, where Wcti is the cellular downlink bandwidth. Since the 

traffic volumes on the BS-to-relay and relay-to-UE links must be the same, the amount 

of uplink resources required to support D2D relaying is 

(3.15) 

where ry0 ( T) is the average D2D link SE given relaying threshold T, which can be de

rived similarly to 1c(T). 

3.5 Numerical Results 

In this section, we validate our analytical results against simulations based on 3GPP net

work evaluation methodologies, and investigate the performance improvement achieved 

by using D2D relay. In Section 3.5.1, we describe the simulation setup. In Section 3.5.2, 

we validate the derived D2D coverage probability models. In Section 3.5.3, we investi

gate the coverage improvement achieved by using D2D relaying under different network 

configurations. Finally, in Section 3.5.4, we evaluate the downlink SE and the effect of 

D2D transmissions on the uplink resources. 
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3.5.1 Simulation Setup 

We compare the D2D link analytical results against Urban Macro (UMa) and Indoor 

Office (Ind) 3GPP mmWave evaluation scenarios [6]. The D2D link UE association 

strategy is described in Section 3.2.3, so it is consistent with that in cellular link. Below, 

we describe the simulation setup. Key simulation parameters are the same as that listed 

in Table 2.1, in addition to the following parameters that apply to D2D links: the can

didate relay UE intensity is that, on average, 10 candidate relay UEs per cell for UMa 

and 3 candidate relay UEs per cell for Ind, respectively; D2D link obstacle thinning 

parameter T/o = 1; UE transmission power is 23 dBm for both mm Wave and microwave 

D2D communications; the antenna for mm Wave D2D transmission is Nu x Nu= 2 x 2. 

For mmWave D2D, the path loss models are the same as that for mmWave cellular in 

Chapter 2. But note that for D2D links there is no the 2D/3D distance problem since 

D2D transmitter and receiver have the same antenna height. 

For microwave D2D, according to the 3GPP evaluation methodology [61], the LOS 

and NLOS path losses for the UMa scenario are 

PLL = 27.0 + 22.7log10 (d) + 20log10 (Jc) and 

PLN = 14.78 + 5.83log10 (1.5) + (44.9- 6.55log10 (1.5)) log10 (d) + 34.97log10 (Jc), 

respectively, and in the Ind scenario are 

P LL =89.5 + 16.9 log10 (d/ 1000) and 

PLN =147.4 + 43.3log10 (d/ 1000) , 

respectively. Furthermore, we set the carrier frequencies for mmWave and microwave 

D2D links to 28 GHz and 2 GHz, respectively, and the bandwidths to 100 MHz and 20 

MHz, respectively. 
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3.5.2 D2D Link Coverage 

The analytical coverage probabilities for mmWave and microwave D2D links are shown 

in Fig. 3.2 with respect to the SINR threshold and compared against PPP-based model 

simulations. We can see that dominant interferer analysis provides a significantly tighter 

upper bound on the PPP-based model simulations than for mmWave cellular links. This 

is because the relatively lower antenna heights of D2D transmitters and receivers re

sult in more blockages and less interference from distant interferers. For microwave 

D2D links, the analytical results closely align with the PPP-based model simulations. 

Thus, we conclude that approximating uplink interferers using a homogeneous PPP is 

acceptable. 

Comparing the two D2D options, we observe that microwave D2D performs better 

than mmWave D2D in the UMa scenario. This is because microwave D2D links can 

be established under NLOS conditions. However, microwave D2D links perform much 

worse than mmWave D2D links in the Ind scenario. This is because the dense BS 

deployment and fully utilized resources in each cell (p = 1) cause severe interference 

in the uplink microwave spectrum. In contrast, mmWave D2D links experience less 

interference due to blockages and because the antenna arrays reject interference from 

off-boresight directions. Evidently, microwave D2D is a worse choice for extremely 

dense BS deployments, i.e. scenarios with dense interferers. 

3.5.3 Coverage Improvement Enabled by D2D Relaying in Mm Wave 

Cellular Networks 

Now that the coverage probability expressions for the cellular and D2D links have been 

validated, we can calculate the coverage probabilities in D2D relay-assisted mmWave 

cellular networks using (3.2). 
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Figure 3.2: Validation of the mm Wave and microwave D2D link coverage probabilities against 
simulations. 
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3.5.3.1 Coverage Improvement with 3GPP Configurations 

The coverage probabilities for a D2D relay-assisted mm Wave cellular network, obtained 

analytically by (3.2), are shown in Fig. 3.3 with respect to the SINR threshold. We note 

that D2D relays improve the coverage in both UMa and Ind scenarios, with larger gains 

in the UMa scenario due to the larger average transmit distances. 

3.5.3.2 Coverage vs. BS/Obstacle Density 

The coverage probabilities for a D2D relay-assisted mm Wave cellular network, obtained 

analytically as above, are shown in Fig. 3.4 with respect to the BS intensity. Note that 

we fix candidate relay UE intensities in a given scenario. We observe that D2D relays 

improve the coverage for all BS densities for the selected SINR threshold T = 10 dB. 

We also observe that, given a specific UE intensity, there is an optimal BS deployment 

density that increases with the obstacle cover ratio. 

3.5.4 Downlink Spectral Efficiency and the Effect of D2D on the 

Cellular Uplink 

The SE is defined in (3.13) and (3.14) and is shown in Fig. 3.S(a). We can see that the 

downlink SE is improved by both mmWave D2D relays and microwave D2D relays in 

the UMa and Ind scenarios compared to the cellular downlink without relaying. More

over, it is clear that the SE improvement depends on the relaying threshold. For example, 

for microwave D2D relays in the UMa scenario, the SE is maximized when T = 21 dB, 

which corresponds to a 16.3% improvement over the cellular downlink without relaying. 

Note that, in a wireless communication system, the maximum exploitable SINR Tmax is 

limited by the system implementation, e.g., the available modulation schemes. We set 

Tmax = 40 dB. 
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Figure 3.3: Coverage improvement of a D2D relay-assisted mmWave cellular network. 
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Fig. 3.S(b) shows the uplink resources used for D2D transmissions, normalized by 

the uplink bandwidth w01 , i.e., Y(T) /w01 , where Y(T) is defined in (3.15). We can see 

that the uplink resource fraction required to support D2D relaying is less for mmWave 

D2D links than for microwave D2D links. This is due to the difference in bandwidths 

available in the mm Wave and microwave spectrum. In the UMa scenario, more than 

100% of microwave uplink spectrum is required to support the SE shown in Fig. 3.S(a) 

when Tis approximately 21 dB. This is due to (i) the asymmetry in the bandwidths avail

able on the mm Wave cellular and the microwave D2D links, which are required to carry 

the same traffic volume, and (ii) the fact that D2D relay transmissions are more frequent 

over microwave D2D links because of their higher coverage probabilities in the UMa 

scenario. Unfortunately, this means that the SE improvement shown in Fig. 3.S(a) for 

microwave D2D relays in the UMa scenario is not achievable at some relaying thresh

olds. We conclude that mm Wave uplink spectrum is better suited for carrying the D2D 

traffic. 

Lastly, we would like to highlight the fact that our SINR threshold-based mode se

lection strategy is designed for coverage enhancement rather than spectral efficiency 

enhancement. As such, we believe that the combined coverage and spectral efficiency 

improvements afforded by mm Wave D2D relaying outweigh the cost of the required 

uplink resources. 

3.6 Conclusion 

We envision mmWave cellular networks in which D2D relays are used to route around 

blockages. Using stochastic geometry, we derived coverage probability and spectral effi

ciency models for the downlink of D2D relay-assisted mm Wave cellular networks under 

the assumption that D2D transmissions are employed on uplink spectrum. Our analyt-
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Figure 3.5 : Downlink SE improvement and uplink resource used for D2D transmissions. 
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ical and simulation results provide numerous important insights on the performance of 

D2D relay-assisted mmWave cellular networks: 

• On mmWave D2D links, dominant interferer analysis provides a very good ap

proximation on the coverage probabilities since blockages significantly reduce 

interference in dense BS deployments with fully utilized resources in each cell. In 

contrast, microwave D2D links experience poor coverage in these conditions. 

• The BS density that maximizes the coverage probability increases with the obsta

cle density in relay-assisted mm Wave cellular networks. 

• MmWave and microwave D2D relays improve the downlink coverage probabil

ity and SE in various scenarios across a wide range of BS densities and SINR 

thresholds. 

• Deploying D2D relays on mmWave uplink spectrum has a smaller impact on the 

cellular uplink resources than deploying them on microwave uplink spectrum. 

In the next chapter, we will study the coverage and spectral efficiency of D2D relay

assisted cellular networks in a more general scenario. 



Chapter 4 

Coverage and and Spectral Efficiency 

of D2D Relay-assisted Cellular 

Networks 

In the previous chapter, we analyzed the downlink coverage probability and spectral 

efficiency of D2D relay-assisted mm Wave cellular communications, and noted the sig

nificant performance improvement by D2D relay. In the downlink coverage probability 

study of mmWave networks with D2D employed on uplink spetrum, we were able to 

model the network coverage probability as a combination of coverage probabilities in 

cellular downlink and D2D link, thanks to the independence of cellular downlink and 

D2D link. Motivated by the dramatical performance improvement in mm Wave cellular 

downlink by D2D relay, we study the performance improvement in cellular uplink in this 

chapter. Since the assumption of independence does not apply to the cellular uplink case 

if D2D transmission is still employed on uplink spectrum, we propose a novel approach 

to model two-hop coverage probability, which captures the correlation between the cel

lular link and D2D link. Since independency is not necessary in the new framework, it 
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can be seen as a generalization of D2D relay-assisted cellular coverage probability mod

eling. We will also investigate the uplink spectral efficiency improvement using D2D 

relay. 

4.1 Introduction 

Next generation cellular networks are expected to provide higher system capacity and 

seamless coverage to fulfill increasing traffic demands and quality of service require

ments. Network densification, i.e., increasing the number of wireless infrastructure 

nodes, is one technique that can help achieve this goal [62]. Relaying is a network 

densification strategy that combats fading and improves coverage. In relay-assisted cel

lular communications, an intermediate relay node functions to forward traffic between a 

BS and a UE when the UE has a poor direct cellular link. A relay node may be deployed 

by an operator (e.g., a so-called infrastructure relay in long term evolution (LTE) [63]). 

Alternatively, a relay node can be an idle UE that is available to serve as a relay op

portunistically [ 64]. This latter case is attractive since it does not drastically change the 

network topology or infrastructure requirements. Since a UE serving as a relay connects 

to a source UE via a device-to-device (D2D) link, it is often referred to as a D2D relay. 

4.1.1 Related Work 

In [65], the authors studied location-based cooperative transmissions to improve per

formance of massive machine type communication networks in which inactive machine 

type devices that successfully decode a packet forward it to the base station. In [66], the 

authors investigated D2D relay management for the cellular downlink. They analyze 

the inter-cell interference using a fluid network model and develop an analytical model 

to capture the interaction between relaying decisions made in the tagged cell and the 
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inter-cell interference caused to other cells. In [67], the authors studied the joint D2D 

relay node placement and power allocation problem to achieve maximum energy effi

ciency. While there has been a lot of important work in this area, there is currently no 

systematic and tractable approach for analyzing the coverage and spectral efficiency of 

D2D relay-assisted cellular networks. 

4.1.2 Contributions 

Using stochastic geometry [1] [33] [35], we develop analytical models for the uplink 

coverage probability and spectral efficiency of two-hop device-to-device (D2D) relay

assisted cellular networks, in which user equipments (UEs) with poor direct links to the 

base station (BS) can complete their transmissions with the help of a relay UE. We as

sume overlay inband D2D operation such that D2D link transmissions (from the source 

UE to the relay UE) use uplink spectrum, but do not interfere with uplink transmissions 

in the same cell. The contributions are as follows: 

• We model the BSs and UEs as Poisson point processes (PPPs) and derive the two

hop coverage probability capturing the correlated interference experienced at the 

relay UE and BS. 

• Equipped with the coverage probability, we derive the spectral efficiency of D2D 

relay-assisted uplink transmissions with a relaying SINR threshold based mode 

selection strategy and show that the uplink spectral efficiency depends on the re

laying threshold. 

• Finally, our numerical results validate the accuracy of the developed analytical 

models and demonstrate the coverage and spectral efficiency gains achievable by 

leveraging D2D relays on the uplink of a cellular network. 
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4.2 System Model 

We consider a two-hop relay-assisted cellular network model in which an uplink trans

mission is switched from direct mode (source UE -+ BS) to relay mode (source UE -+ 

relay UE-+ BS) if there is an outage on the direct cellular link, but a candidate relay UE 

is available that can help complete the transmission from the source UE to the BS. More 

specifically, we assume that the uplink cellular transmission is switched from direct to 

relay mode if the direct link has SINR below a given threshold T, but an intermediate 

relay UE is available that has SINRs above T on both the relay-BS and UE-relay links. 

A general definition for SINR is 

SINR = 2 '°"' ~ -a , 
a + L,\0 h, d, 

where 0'
2 is the noise power, hi (i ~ 0) is the instantaneous channel power gain from the 

ith uplink transmitter, di is the distance from the ith transmitter, and a is the path loss 

exponent. Then, the coverage probability is defined as p(T) = IP(SINR > T). 

In the considered two-hop model, D2D transmissions share the cellular uplink spec

trum. Specifically, we consider overlay inband D2D operation such that D2D transmis

sions use uplink spectrum, but are not scheduled in the same sub-channels as concurrent 

uplink transmissions (in contrast to underlay D2D). Under this assumption, the inter

ference in the uplink spectrum - and therefore the direct cellular uplink coverage prob

ability - will remain the same with and without D2D relay transmissions. However, 

the direct cellular link spectral efficiency will be affected because some of the uplink 

resources are allocated to D2D links instead of cellular links. 

We use stochastic geometry to analyze the network performance. We model the 

locations of BSs and UEs as Poisson point processes (PPPs) on the plane. A PPP defined 
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Figure 4.1: A network snapshot with SINR outage threshold T = 5 dB. Some UEs with outages 
of their direct links connect to BSs via relay UEs. The cell boundaries correspond to a Voronoi 
tessellation. 

in 2D space IR2 is a random process in which the number of points <I> in a bounded Borel 

set B c IR2 has a Poisson distribution. We model the spatial locations of BSs and UEs 

as 2D homogeneous PPPs in IR2 with intensity Ab and Au, respectively. Idle UEs in the 

network may be opportunistically used as relays and can be determined by independent 

thinning [l], and thus form another homogeneous PPP with intensity Ar = EAu, where 

E is the fraction of idle UEs. Fig. 4.1 shows a Poisson cellular network snapshot with 

D2D relays. 

4.3 Coverage Probabilities 

As usual, we say that a receiver is within the coverage of a transmitter if the SINR 

is above a threshold T. In a two-hop relay-assisted network, we say that a UE is in 

coverage if either the direct cellular link has SINR greater than T (denoted as the event 

Cc) or a relay exists that has SINR greater than T on both the relay-BS and UE-relay 
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links (denoted as the event CR)- The coverage probability can then be expressed as 

p(T) =IP(Cc UCR) 

=IP(Cc) + IP(CR) - IP(Cc n CR) 

=IP(Cc) + IP(Cc n CR) 

=IP(Cc) + IP(Cc)IP(CR ICc) , 

where Cc is the complement of Cc, i.e., the event that the source UE is in outage on the 

direct link. Let Pc (T) 6 IP(Cc) denote the coverage probability in direct cellular mode 

and PR(T) 6 IP(CR ICc) denote the two-hop coverage probability given that the source 

UE is in outage on the direct cellular link. We have 

(4.1) 

There is a lot of excellent literature on modeling the coverage probabilities on the direct 

cellular or the D2D link, e.g., [35] [58]. Thus, we focus on deriving the conditional 

two-hop coverage probability PR (T). 

To derive PR (T), we assume that the coverage probabilities Pc (T) and p0 ( T) (D2D 

link coverage probability) are already known. Since a relay is also a UE from the BS's 

point of view, the coverage probability Pc (T) also applies to the BS-relay link. 

We note that PR (T) depends on the coverage probabilities of the cellular link (relay

BS) and the D2D link (UE-relay), which are dependent due to the correlated interference 

experienced on the two links. To facilitate the analysis of the conditional two-hop cov

erage probability, we introduce the following two approximations. 

• Given the BS intensity >.b, a BS's cell can be approximated by a circle with radius 

6 
rb k, which corresponds to the expected cell size. 
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• A BS's coverage area, in terms of threshold T, is approximated by a circle with 

The above two approximations create two circles centered at the typical BS: an outer 

circle with radius rb and an inner circle with radius rb (T). The uplink coverage proba

bility in terms of T can be interpreted as the probability that the UE falls into the inner 

6circle. Similarly, we define rr(T) Tr~ for D2D links. From the source UE's 

point of view, the D2D link coverage probability is equivalent to the probability that at 

least one candidate relay UE falls into the circle centered at the source UE with radius 

Fig. 4.2 illustrates the aforementioned coverage regions of the direct cellular link 

and D2D link, with the source UE in outage on the direct cellular link because it is not 

within rb(T) of the BS. We can see that the conditional two-hop coverage probability 

is the probability that there exists at least one candidate relay UE in the shaded region 

(where the two coverage regions overlap), which we call the common coverage region 

(CCR). Let d denote the distance between the BS and the source UE. The conditional 

two-hop coverage probability is 

(4.2) 

where AcCR is the area of the CCR and IEx [·] the expectation with respect to X. It is 

easy to verify that 

2 - 1 _v'_d_2_+_a_2_-_b_2 + b2 - 1 ✓d2 - a2 + b2 ACCR = a cos 2da cos __2_d_b__ 

1 - 2J (d + a + b) (-d + a + b) (d - a + b) (d + a - b) , 
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Since UEs form a homogeneous PPP, we may assume that they are uniformly dis

tributed within a cell when cells are approximated by circles. We have 

(4.3) 

Therefore, the PDF of dis 

(4.4) 

otherwise. 

The coverage of a two-hop relay-assisted cellular network can be evaluated using 

(4.1), with PR(T) given in (4.2). 
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4.4 Spectral Efficiency in Two-hop Uplink Transmission 

For cellular uplink transmission, although relay-assisted two-hop transmissions improve 

network coverage because each of the shorter hops experience higher signal-to-interference

plus-noise ratios (SINRs) than the longer single-hop/direct transmission, it is not im

mediately obvious what effect D2D relays have on the spectral efficiency (SE) since 

relay-assisted transmissions require two transmissions instead of one. In this Section, 

I analyze how two-hop transmission in uplink affects the cellular uplink spectral effi

ciency. 

The average spectral efficiency of a cellular network with coverage probability p(T) 

can be evaluated as [35] [38] 

K,=- f( p(T)dTbits/s/Hzpercell. (4.5)
1n2 

1 

J\o 1 + T 

In a relay-assisted cellular network, however, evaluation of the spectral efficiency is not 

as straightforward because the delivery of a packet may need two transmissions. 

In a cellular network with D2D relay assistance enabled, the average uplink spec

tral efficiency depends on mode selection, which determines whether a UE's uplink 

transmission should be completed in direct mode or two-hop mode. We consider a 

straightforward implementation of mode selection based on a relaying SINR threshold: 

the source UE's transmission will be switched from direct mode to two-hop mode if the 

direct link has SINR below the relaying SINR threshold. Obviously, the average spectral 

efficiency depends on the relaying threshold. Specifically, a typical source UE has three 

possible states in terms of coverage and transmission modes: (i) if the UE has SINR 

greater than T, then the UE transmits in direct mode; (ii) if the UE has SINR smaller 

than T, but a relay UE is available that has SINRs greater than T on both the UE-relay 
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and relay-BS links, then the UE transmits in relay mode; (iii) if the UE has SINR smaller 

than T, but there are no suitable relays, then it transmits in direct mode. Denote these 

three event as Uc, UR and Uc, respectively. The probabilities of these events are 

IP(Uc) =pc(T) , 

IP(UR) =(1- Pc(T))PR(T) , and 

IP(Uc) =(1- Pc(T))(l - PR(T)) , 

respectively. The respective conditional spectral efficiencies are 

1 ( 1 rr pc( x) ) ( (4.6)K;c(T) = ln2 ln(l+T)+ Pc(T) }\ l+xdx 

(4.7) 

1 (A{ Pc(x) )t,;c(T) = ( ( )) --dx - Pc(T) ln(l + T) . (4.8)
1n21-pcT l+x 

To derive the conditional spectral efficiency t,;c(T) in (4.6), denote as T the relaying 

threshold, x the SINR, and A the event that x E [T, oo). Then, the average SE in cellular 

links given SINR > T, K;c(T), is 

where 1A(x) is indicator function of subset A. Also note that Pc(T) = IP(A) = 1 -
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Fx(x ), we have 

We can derive K;o(T), the average SE of D2D links given SINR > T, and K;c_(T) in (4.8), 

the average SE of cellular links given SINR :s; T, similarly. The equation (4.7) follows 

from the fact that the D2D and cellular links of a two-hop transmission have the same 

traffic volume, i.e., 

Then, the typical UE's uplink SE in a relay-assisted cellular network given relaying 

threshold T is 

(4.9) 

Note that, if T -+ 0, then rb(T) -+ rb, which means that the cellular coverage probability 

is 1 (see Fig. 4.2). In this case, D2D relays will never be used and limT--+OK;( T) = K;, 

where K; is the SE of a conventional cellular network as defined in (4.5). On the other 

hand, if T -+ oo, then rb(T) -+ 0, which means that the cellular coverage probability is 

0. In this case, no relays can satisfy the SINR requirements, so limT--+oo K;(T) = K;. It is 

easy to verify this intuition from (4.6)-(4.8), (4.9), and Fig. 4.2. 

4.5 Validation of the Proposed Models 

In this section, we present an example to illustrate and validate the models developed in 

the previous sections. We consider the uplink of a sub-6 GHz D2D relay-assisted cellular 
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network, with D2D links implemented in the uplink spectrum. For the multi-path effect, 

we assume that cellular and D2D links experience Rayleigh fading ( on both interfering 

and desired links), i.e., the channel power gain h has an exponential distribution with 

PDF fh(x) = µe-µx and mean 1/ µ. 

Recall that we consider overlay D2D operation such that an uplink sub-channel can 

be used by at most one UE at a given time (either for cellular uplink transmission or for 

D2D transmission). We further assume that each sub-channel is allocated to exactly one 

UE in each cell so that the point process of interferers has the same intensity as the BS 

point process, and the interferer intensity remains the same in networks with and with

out D2D relays. Furthermore, since there is no intra-cell interference, we approximate 

the cellular uplink interferers by a PPP with intensity function,\ ,c(x) = Abl [1o ,oo) ( lxl 2) 

[59], where 1A(x) is an indicator function that is set to 1 if x EA and O otherwise, and 

x denotes a point in IR2. But note that, similar as analyzed in Chapter 3, although uplink 

interferers do not necessarily form a homogeneous PPP if the BSs form a homoge

neous PPP [57], both [59]'s and our numerical results show that such an approximation 

matches well with the simulation results using the exact interferer distribution. Here, 

we assume that the typical uplink receiver (BS) is located at the origin o. 

Unlike the typical BS, a D2D link receiver may be located anywhere in a cell. 

Let R denote the random distance from the typical D2D receiver (relay UE) to its 

associated BS. The intensity of D2D link interferers can be expressed as Ai,0 ( x) = 

IEn [Abl h ,oo) (lxo - xl2)],(where x 0 = (Rcos0, Rsin0), 0 :s; 0 < 21r, is the loca

tion of the D2D receiver. \.r,he PDF of R can be derived based on the fact that UEs 

are uniformly distributed in the cell. Although this intensity expression accurately char

acterizes the D2D link interferer distribution, it significantly complicates the D2D link 

coverage probability analysis. In order to have a closed-form coverage probability ex

pression, we approximate the D2D link interferer intensity as Ai, 0 ( x) R;j Ab· This ap-
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proximation slightly overestimates the D2D link interference because it assumes that the 

D2D link is subject to intra-cell interference. 

Finally, we assume that UEs associate to the BS (cellular link) or candidate relay 

UE (D2D link) with the smallest path loss, which corresponds to the nearest BS or relay 

UE given the underlying signal model. Let d0 denote the distance between a UE and its 

associated BS or relay UE. The PDF of d0 is fd
0 
(x ) = 21rAxe -1I">-x 

2 
[35], where A= Ab 

for cellular links and A = Ar for D2D links. 

4.5.1 Coverage probability 

It is easy to verify that the coverage probability of the cellular uplink is [35] [58] 

(4.10) 

where £ 1( s) is the Laplace transform of interference. With the assumption of Rayleigh 

fading, we have 

The D2D link coverage probability, p0(T), is the same as ( 4.10), but with Ab substituted 

by Ar and with interferer intensity Ai, c ( x) substituted by Ai, 0 ( x). Take the cellular 

uplink as an example, the Laplace transform of the interference is 

We note that this expression is different from the interference on the cellular downlink 

[35] because we assume that uplink interferers are at least as far away as the average 
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Table 4.1: List of parameters for performance evaluation. 

Parameters Value 
Path loss exponent a 3 or 4 
BS intensity Ab (BS/m~) 4.62 X 10-o 
Average UEs per cell 20 
Relay UE ratio 0.5 
UE Tx power (dBm) 23 
Carrier frequency (GHz) 2 
Bandwidth (MHz) 20 
Noise power (dBm/Hz) -174 

cell radius rb (see the expression for interferer intensity). As we will see later, this 

assumption leads to a very accurate match between the analytical and simulation results 

for the uplink. 

In Fig. 4.3, we validate (4.10) against simulations. In the simulations, we drop BSs 

and UEs in a 3000 x 3000 m2 area assuming homogeneous PPP models and one active 

UE is randomly selected from each cell as a cellular transmitter. Since we assume or

thogonal resource allocation within a cell, each cell has only one transmitter and all the 

transmitters in neighboring cells are counted as interferers. Two path loss models, with 

path loss exponents a = 3 and a = 4, are tested. Other important simulation parameters 

can be found in Table 4.1. Note that the BS intensity is equivalent to the classic hexag

onal cell layout with 500 minter-site distance. We can see that the analytical model is 

very accurate in modeling the cellular uplink coverage probability. For D2D links, the 

analytical model slightly underestimates the coverage probability because we approxi

mate the interferer intensity as the BS intensity; nevertheless, the approximation error is 

reasonable. 

In Fig. 4.4, we validate the two-hop coverage probability expression (4.1) after sub

stituting in the relay ( 4.2) and cellular ( 4.10) coverage probabilities. We can see that the 

common coverage region model provides a good approximation of a D2D relay-assisted 

cellular network's uplink coverage probability. We also observe that D2D relays dra-
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Figure 4.3: Validation of cellular uplink and D2D coverage probabilities. 
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Figure 4.4: Validation of the overall uplink coverage probability of a D2D relay-assisted cel
lular network. The analytical two-hop coverage probability model matches with the simulation 
results. 

matically improve coverage, particularly at low SINRs. Note that "w/" and "w/o" in the 

figure are with and without for short, respectively. 

4.5.2 Spectral efficiency 

The SE of a cellular network (without D2D relays) is given in (4.5), while the SE of a 

two-hop D2D relay-assisted cellular network is given in ( 4.9) as a function of the relay

ing threshold T. Note that, when calculating the SE, we set the maximum exploitable 

SINR T max = 40 dB, where Tmax is usually restricted by implementation, e.g., modulation 

schemes available in a specific system. 

Fig. 4.5 shows the numerical SE results. We observe that the uplink SE is always 

increased using D2D relays, but the degree of improvement depends on the relaying 

SINR threshold. Take a = 4 as an example, the maximum SE is achieved at relaying 
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Figure 4.5: Validation of cellular uplink and D2D coverage probabilities. 

threshold T R;j 2.3 dB, with an improvement of 38.8% (2. 55 to 3.54 bits/s/Hz per cell). 

As the relaying threshold decreases relative to the optimal value, the cellular coverage 

probability increases. Consequently, D2D relays are used less frequently and there is a 

smaller SE improvement. On the other hand, as the relaying threshold increases relative 

to the optimal value, less candidate relay UEs are available to meet the SINR threshold, 

so there is also smaller SE improvement. These insights can help determine the optimal 

relaying strategy in a network deployment. 

4.6 Conclusion 

We first developed a coverage probability model for two-hop D2D relay-assisted cel

lular networks. The two-hop coverage probability model captures the correlation of 

the interference experienced on the two hops, while allowing for the per-hop coverage 

probabilities to be derived separately. This decoupling leads to a powerful yet tractable 
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framework for two-hop coverage probability modeling. We then analyzed the effect of 

two-hop relaying on the spectral efficiency taking into account the resource usage in 

D2D transmission. Numerical results show that the derived coverage probability model 

is accurate and that D2D relays dramatically improve the coverage, especially at low 

SINRs. Additionally, we demonstrated that spectral efficiency in a relay-assisted cellu

lar network depends on the relaying SINR threshold. 



Chapter 5 

Photo-thermal Effect of Intra-body 

Nano-optical Communications on Red 

Blood Cells 

In the near future, it is envisioned that intra-body nanosensing systems will provide fast 

and accurate disease diagnosis and treatment. Recent work on intra-body communi

cations has focused on understanding the propagation of electromagnetic (EM) signals 

in biological media; however, the photo-thermal effects of the EM waves on biolog

ical tissues are not as well understood, despite the risk of damaging the tissues. In 

this Chapter, we consider an intra-body nanosensing system where active nanoparticles 

(NPs) are injected into blood vessels. Using stochastic geometry, we analytically model 

the photo-thermal effect on red blood cells (RBCs) induced by EM waves of NP trans

missions. Numerical results validate the proposed analytical model and provide insights 

into the safety of such systems. 
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5.1 Introduction 

Novel nanosensors enabled by nanotechnologies are able to detect various types of 

events at the nanoscale with unprecedented accuracy. Intra-body nanosensing systems, 

which operate inside the human body in real time, have been proposed to provide fast 

and accurate diagnosis and treatment of diverse diseases ranging from neuronal disor

ders [28] to different types of cancer [29], all directly from blood. In such systems, 

bio-compatible nanosensors injected or implanted in the human body are configured to 

transmit the sensed information to a common sink, receive commands from a remote 

controller, or coordinate joint actions when needed [30]. 

5.1.1 Related Work 

In many of such intra-body nanosensing systems, nanoparticles (NPs) radiate elec

tromagnetic (EM) waves, either passively (e.g., gold NPs) or actively (e.g., injected 

nanomachines). As a result, molecules that are present in the medium are excited by 

EM waves, and finally increase in the cells temperature is induced. The temperature 

increase may be harmful to healthy biological cells based on their photo-thermal sensi

tivity. 

Intuitively, the temperature increase of a biological cell depends on the density of 

NPs that are radiating EM waves and the time that the cell is exposed to the EM waves. 

More heat may be generated at a cell when there are more NPs nearby. Additionally, 

longer radiating times of NPs means more accumulated kinetic energy at the cell. Cumu

lative Equivalent Minutes at 43 °C (CEM43 ) is the accepted metric for thermal exposure 

(temperature and time of exposure) that correlates well with thermal damage in a variety 

of tissues [68]. Therefore, before injecting/implanting NPs into the human body, it is 

important to quantitatively understand these effects so that they can be predicted and 
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controlled, and potential tissue damage can be avoided. 

This can be done using simulations, with specific tissue compositions and NP con

figurations. In [69], based on deterministic models, the authors analyzed the heating 

effects due to single as well as multiple NPs radiating EM waves, and simulated a case 

study of the temperature increase in red blood cells by means of COMSOL simula

tions [70]. Alternatively, this can be done analytically based on stochastic models. The 

latter choice is attractive: if we can develop a tractable analytical framework to model 

the problem, then the temperature increase in human tissues can be quickly determined 

under various parameter configurations. 

Assuming that the spatial distributions of biological cells and NPs can be modeled 

as point processes [71], it is possible to analyze the intra-body nanosensing system us

ing stochastic geometry [1]. Stochastic geometry has already played an important role 

in modeling wireless networks, e.g., analyzing the distribution of interference and the 

signal-to-interference-plus-noise ratio (SINR) in cellular networks [2]. 

5.1.2 Contributions 

In this chapter, we stochastically model the temperature increase of a cell (induced by 

EM radiation from NPs) assuming that cells and NPs are distributed according to Pois

son Point Processes (PPPs) within their surrounding biological medium. Specifically, 

we consider the temperature increase of RBCs induced by EM radiation from active 

NPs injected into the blood vessels. We assume that the NPs operate at visible optical 

frequencies 400 THz to 700 THz, which is the case for the majority of NP-based nano

biosensing systems. The main reason for this is the relatively small absorption loss at 

visible optical frequencies in biological tissues, which are mostly water (by volume, up 

to 95% of blood plasma is water). 
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This paper makes the following contributions. 

• We derive the line-of-sight (LOS) probability between an NP and a typical RBC 

based on a 3D blockage model, so we can model the intensity of incident EM 

waves at the RBC. 

• We derive the Laplace transform, expectation, and variance of the temperature in

crease at a typical RBC, which are valid for both omni-directional and directional 

antennas at NPs. 

• Using the Laplace transform and LOS probability, we derive an approximate 

closed-form expression for the distribution of the temperature increase of the 

RBCs. 

• We validate our models against numerical results; we also develop a closed-form 

expression for the distribution of temperature increase of RBCs. 

The above contributions help us quantitatively and analytically understand the tempera

ture increase of RBCs induced by EM waves from active NPs, so that the operation of 

intra-body optical wireless communications can be performed without damaging RBCs. 

Note that the analysis can be modified to consider the passive NP case by accounting 

for the contribution of the background EM field (that is used to excite the NPs) to the 

photo-thermal effect. 

5.2 Intra-body Nanosensing System Model 

We consider an intra-body nanosensing system in which NPs are injected into blood 

vessels. Fig. 5 .1 shows two examples of NPs that operate in blood vessels: passive NPs 
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Figure 5.1: System model for intra-body EM communications (a) with passive reflecting 
nanoparticles and (b) with active nanomachines. 

[Fig. 5.l(a)] and active NPs [Fig. 5.l(b)]. The latter are also referred to as nanoma

chines. In passive NP operation, the system uses passive reflecting NPs that are ex

cited by an external source; while in active NP operation, NPs are equipped with nano

antennas that can radiate EM waves by themselves. With bio-compatible NPs injected 

into the blood stream, we study the temperature increase of blood cells induced by EM 

waves. Blood is composed of living cells (red blood cells [RBCs] and white blood cells 

[WBCs]) and non-living matrix, i.e., blood plasma. Here we ignore WBCs since WBCs 

comprise less than 1% of blood by volume, and some WBCs are transparent, i.e., they 

have similar optical properties as that of plasma [72]. As a result, the blood is assumed 

to be composed of RB Cs immersed in homogeneous plasma and we focus our analysis 

on the temperature increase of RB Cs. 

5.2.1 Geometric Assumptions 

We model the spatial locations of RBCs and NPs as 3D homogeneous PPPs. A PPP 

defined in IR3 is a random process in which the number of points <I> in a bounded Borel 

set has a Poisson distribution as shown in Eq. (1.1), here n = 3. In the remainder of 

the paper, let <I>c and <I>P denote the PPPs of RB Cs and NPs, respectively; and Ac and ,\P 
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denote the corresponding intensities. 

Throughout this paper, we focus our analysis on a randomly selected typical cell 

that, without loss of generality, we assume is located at the origin o of IR3 . This is 

permissible in a homogeneous PPP by Slivnyak's theorem [l]. 

5.2.2 LOS Model 

Due to cell absorption, the EM waves that pass through cells have very weak strength. 

Moreover, there is no significant diffraction/scattering since the size of the cells is much 

larger than the visible light wavelength, i.e., several micrometers (µm) vs. hundreds of 

nanometers (nm). As a result, the heat generated by blocked NPs may be very weak and 

we focus only on the heat induced by LOS EM waves. 1 It is noted that obstacles that 

block the LOS path can be either RBCs or NPs. 

A

We derive the LOS probability expression between a randomly picked NP and the 

typical RBC separated by distance d. Since an obstacle can be either another RBC 

or another NP, the obstacle point process is the superposition of point processes of the 

RBCs and NPs, i.e., obstacles can still be modeled as a homogeneous PPP with intensity 

0 = Ac+ Ap- For the LOS probability model, we assume that each obstacle oi has inde

pendent radius r0 i with probability density function (PDF) fr 
0 

x) defined in [r;in , r;ax]. ( 

The derivation of the LOS probability is similar to that in Chapter 2, but extended to 3D 

PPPs. We thus omit the derivation but present the conclusion as follows. 

Lemma 4. The LOS probability between an NP and an RBC with distance d is pL(d) = 

c1e-c2 d, where c1 = exp (-!1rA0 lE[r~l) fnd C2 = 1rA0 lE [r;]. ■ 

1Recent research has revealed that some tiss~e cells (e .g., RBCs) actually act as lenses that focus the 
EM waves in a very short range after passing through a cell [73] [74]. However, due to their short range, 
we expect that the temperature increase induced by these focused EM waves is significantly smaller than 
that induced by the LOS EM waves. For simplicity, we ignore the focus effect in this paper and leave it 
for future research. 
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Main lobe: Bmn 

Side lobe: 9sd 

Figure 5.2: Main and side lobe gains in the cone antenna model. 

5.2.3 Antenna Propagation Pattern Models 

Antenna model of NPs can be either omni-directional or directional. An omni-directional 

antenna pattern has uniform antenna gain over all directions and a directional antenna 

has the ability to concentrate the radiated power in a specific direction. For tractability, 

we consider a cone radiation pattern with main lobe approximated by a right circular 

cone. The antenna gain is denoted by Q. Under our directional cone antenna model, we 

assume that the antenna boresight of a randomly selected NP is uniformly distributed 

over 360° x 360°. It is easy to verify that the antenna gain of a random NP is 

imn , with probability l -~os'lf; 
6 amn 

Q- \ (5.1) 
{ 6 awith probability l +cos'lf; 9 sct , 2 sd , 

where 9mn and 9 sct are the main and side lobe antenna gains, respectively; and 1/J is half of 

the main lobe beam width. Fig. 5.2 shows an example of the directional antenna gains 

of a cone antenna model. Note that the main and side lobe gains satisfy the condition 

that amn9mn + asd9sd = 1. 
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5.2.4 Temperature Increase Model 

Due to the heat dissipation effect, when a cell's temperature goes higher than the medium's 

temperature, the heat energy accumulated at the cell starts to dissipate to the medium. 

As a result, the temperature change of a cell at some specific time can be modeled as 

.6.Ttot = .6.T - .6.T, (5.2) 

where .6.T is the temperature increase induced by EM radiation, and .6.T is the temper

ature decrease due to heat dissipation. In this paper, we only focus on analyzing .6.T, 

but will model the dissipation effect in future work so that we can understand how the 

temperature evolves over time. Note that, we may approximate .6.Yt0 t .6.T in a veryR;j 

short time interval; therefore, .6.T can be considered as an upper limit on the temperature 

mcrease. 

Given a typical cell with absorption cross section a-a (area), the heat power delivered 

by an NP r away is [75] 

q(r) = o-aI(r) , (5.3) 

where I (r) is the irradiance of the illumination with dimension power per area (power 

density). The irradiance I (r) is directly related to electric field with the equation I (r) = 

c m
2
Em IE(r) 1 

2 
, where E(r) is the electric field, Cm is the wave speed in the medium, and 

Em is the absolute permittivity of the medium. When we consider the medium to be 

homogeneous, the irradiance of the illumination also relates to the transmission power 

Pt of the NP that 

(5.4) 

where a a is the absorption coefficient of the medium. 

The temperature increase of the typical cell induced by the radiation of the NP is 
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modeled as 

(5.5) 

where tis the NP's radiation time and Cc and me are the cell's specific heat capacity and 

mass, respectively. 

Note that, due to their size and energy constraints, we assume that NPs transmit very 

short pulse signals with duration t0 n in a transmission period of duration tp. Thus, the 

maximum temperature increase induced by a single NP in one transmission period is 

achieved at t = t 0 n, i.e., t:..Tmax = t:..T(ton)-

When there are multiple NPs nearby, the total temperature increase depends on each 

NP's transmission timeline. If the transmission periods are aligned, e.g., the system 

uses passive reflecting NPs that are excited by a common external source [Fig. 5. l(a)], 

then the temperature increase is still maximized at t = ton· However, if the NPs' 

transmissions are not aligned, e.g., the system uses unsychronized active nanomachines 

[Fig. 5.l(b)], then the situation is slightly different. Since inactive NPs can be removed 

by independent thinning according to the duty cycle ~on, the effective NPs still form a 
p 

homogeneous PPP <I>p with intensity Ap = ~on Ap- Given the effective NP intensity Ap, the 
p 

total temperature increase in time duration t0 n is 

(5.6) 

where c3 = a at on H, rk is the distance from NP k to the RBC, and Bk is a Bernoulli
4?TCc m c 

random variable with parameter IJL(rk)-
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5.3 Temperature Increase Analysis 

In this section, based on the system model introduced in Sec. 5.2, we analytically derive 

the temperature increase of a typical RBC induced by EM radiation from the active NPs. 

Specifically, we derive the Laplace transform of 6.T, i.e., £1::,.r(s). Given £1::,.r(s), we 

can gain insights into the statistical properties of 6.T. 

Let rc denote the radius of the typical cell. We have the following conclusion re

garding the Laplace transform of 6.T. 

Proposition 1 (Laplace transform of temperature increase). The Laplace transform of 

6.T is given as 
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Proof According to the definition of Laplace transform and Eq. (5.6), we have 

.Cb.r (s ) 

~ E~r [e-,~TJtE [{'"L>e<:.~•g•T] ( 
~ E.,,g {'"B , [II~B, [ ,g,Tl] ( 
= e-47ramn.Ap f r>rc ( l-exp(-sc3 ,m e-raar ) )PL (r) r 2dr 

□ 

In Proposition 1, we assume that NPs are equipped with directional antennas. When 

omni-directional antennas are used (Q = 0 dB), the Laplace transform of 6.T is simpli

fied to 

Moments of a random variable can be determined from its Laplace transform. De

note by X a random variable with PDF fx(x). Recall that from the definition of Laplace 

~ oo ( 1r Mtransform, we have .Cx (s ) = L.m= O - n ! n sn. The nth moment of X can thus be de-

termined as 

(5.8) 

where .cr\s)l s=Ois the nth order derivative of .Cx(s ) evaluated at s 0. In other 

https://47ramn.Ap


,

,
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words, given the Laplace transform, statistical properties of a random variable can be 

uniquely determined. 

For example, mean and variance are determined by the first and second order deriva

tives of £1::,.r(s), which are derived as 

and 

2L~i(s) ~ - 41rApc1.c~i(s) ( am,c,,mJ{,c-(''+o,)c exp(- sc,,mr- c-a.')dr 

+ a C A~ e-(c2+aa)r exp(-sc r-2e-aar)dr) (sd 3,s 3,s 
re 

+ 41rApc1L,,r(s) ( f,~,mJ{,r-2c-(c,+,a.)c exp( - sc3,mr_,c-0 ,c)dr 

+ asd~,, J{,, r-2c-("+20a)c exp(-sc3 ,,r-2c-""')dr) { 

It can be verified that £1::,. r(s) ls=O = 1. The two derivatives evaluated at s = 0 are 

.C~t(s) ls=O 

- 4 , ( + ) {( -(c2 +aa)rd 
- - 7r /\pC1 amnC3,m asctC3,s l~rce r (5.9) 

= - 41rApC1(C2 + aa)-1c3e-(c2+aa)rc ' 

and 

£ ~t(s) ls=O = (f1rApC1(c2 + aa)-1c3e-(c2+aa)rc)2 

(5.10)~ 41rAp C1(amnCtm + asctcL) 
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where Ei(x) is the exponential integral, i.e. , Ei(x) = J; t- 1e-tdt. The mean of 6.T is 

(5.11) 

and the variance of 6.T is derived as 

= 41r,\;c1(amnctm + asdctJ (5.12) 

. (r; 1e-(c2+2aa)rc - (c2 + 2aa)Ei(-(c2 + 2aa)rc)). 

Note that, although moments of a random variable can be directly determined from 

its Laplace transform, derivation of the distribution of the random variable is not straight

forward. In Section 5.4, we present a numerical example in which the distribution of 

6.T is determined based on some approximations. 

5.4 Numerical Results 

Here, we validate our analytical models through numerical analysis, and explore the 

effect of different parameters, i.e., NP intensity and transmission power, on the temper

ature increase of a typical cell. As we have mentioned, the NPs are assumed to be active, 

i.e., they have energy reserved (for example, from energy harvesting [76]) that enables 

them to radiate EM waves for communications purposes. Therefore, our numerical re

sults investigate the temperature increase of RBCs induced by active EM radiation from 

NPs. 
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Table 5 .1: List of abbreviated notation 

Parameter Value 
Nanoparticle transmit power (Pt) lµW 

EM wavelength 500 nm 
Signal duration (ton) 1 ms 
Cell intensity (Ac) 5 X 10° / µ1 

Cell radius (rc) 2.78 µm 
Cell specific heat capacity ( Cc) 3.22 J / g/°C 

Cell mass (me) 101.25 X 10-1~ g 
Cell absorption cross section (o-a) [78] 3.1 µm~ 

Plasma absorption coefficient (aa) [72] 0.06 mm-1 

Plasma specific heat capacity 3.93 J / g/°C 
Plasma refractive index 1.345 

5.4.1 Simulation Setup 

RBCs compose 45% of blood on average [77]. A typical human RBC has a biconcave 

plate geometry with diameter of approximately 6.2-8.2 µm and a thickness at the thick

est point of 2-2.5 µm. In this paper, we assume that RBCs form a homogeneous PPP 

with intensity Ac = 5 x 106 RBCs/µl [77]. For analytical convenience, we approximate 

the RBCs by spheres [74] with fixed radius re = 2. 78 µm. NPs have the shape of sphere 

and are also distributed according to a homogeneous PPP. Moreover, we assume that the 

size of NPs are the same as that of RBCs, i.e., rp =re-Therefore, the obstacles that may 

block EM wave propagation have constant radius re with intensity A0 = Ac+ Ap-

For illustration, we assume that NPs radiate EM waves with a 500 nm wavelength. 

The antenna pattern has 9mn = 3 dB main lobe gain and beamwidth 'ljJ = 60°. The 

parameters amn, a 5ct, and side lobe gain 9sct can be determined accordingly from (5.1). 

Other parameters are listed in Table 5 .1. The RBC mass in Table 5.1 is determined 

assuming an RBC density of 1125 kg/ m3 . Note that in the simulations, an RBC is 

heated up if it is exposed to direct EM radiation of an active NP. 
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5.4.2 Numerical Results 

5.4.2.1 Temperature Increase vs. NP Intensity 

We first validate the mean and variance expressions for the temperature increase de

rived from the Laplace transform: we compare the mean and variance of 6.T derived in 

Sec. 5.3 to those obtained from simulations for different NP intensities. The results in 

Fig. 5.3(a) and Fig. 5.3(b) show the mean and standard deviation (STD) of 6.T, respec

tively. We make three observations about these results. Firstly, we can see that the nu

merical results from the derived analytical expressions align with the simulation results. 

Secondly, given the 1 µW transmission power and NP intensities of 50 - 500 NP/µl, 

the average temperature increase over one transmission period is marginal. Thirdly, 

the mean and STD of 6.T are almost linear in the NP intensity. On the one hand, the 

increased NP intensity leads to reduced LOS probability because the NPs block each 

other's signals. On the other hand, increasing the NP intensity results in a larger tem

perature increase according to (5.11). However, since the NP intensity is very small 

compared to Ac, the mean and STD of 6.T are still nearly linear in the NP intensity. 

5.4.2.2 Temperature Increase vs. Transmission Power 

The 1 µW (-30 dBm) transmission power is determined from the signal duration and 

the potential energy reservation at an NP [76]. Nevertheless, we also investigate the 

temperature increase due to different transmission powers that may be configured for an 

NP. Fig. 5 .4 shows the temperature increase with different transmission powers, from 0.1 

µW to 10 µW, with fixed effective NP intensity\;= 50/ µ1. Note that Fig. 5.4(c) shows 

the maximum temperature increase. The analytical approximation of the maximum 

temperature increase is the temperature increase at the cell that is closest to an NP. 

We can observe that the mean, STD, and maximum of 6.T increase with the trans-



100 

Q) 

~ 2.5 
Q)..._ 
(.) 

C 2 
Q)..._ 
::::I 

"§ 1.5 
Q) 
0... 

~ 
I

1 ◊ simulation 
-- analysis

Q) 
0) 
ro 0.5..._ 
Q) 
> 
~ o~~---~---~---~--~ 

100 200 300 400 500 
Nanoparticle Intensity (NP/ µI) 

(a) Mean of 6-T 

STD of 6. T, Pt=1 µ W 

~ --s ◊
0 
I-
Cf) 7 
Q) 
(/) 

ctS 
~6 
(.) ◊ simulation 
C -- analysis 
Q) 5 ..._ 
::::I 

"§ 4 
Q) 
0... 

~3 
1-

2 ~-~---~---~---~---~ 
100 200 300 400 500 

Nanoparticle Intensity (NP/ µI) 

(b) STD of 6-T 

Figure 5.3: Variation of temperature increase with NP intensities. 



101 

Mean of b. T, .\ =50 NP/ µI 
p

~10-4 
::.:: 
Cl) 
en 
ro 
~ 
u 

_f: 10-5 

~ 

"§ 
::i 

Cl) 
o_ 

~ 10-6 ◊ simulation 
I-- --analysis
Cl) 
Ol 

~ 
Cl) 
> 

<C 10-7 ~---~---~---~---~ 

-40 -35 -30 -25 -20 

Nanoparticle Tx Power (dBm) 

(a) Mean of 6.T 
STD of b. T, .\ 

p 
=50 NP/µI 

sz 
0 
I
(/) 

3l 10-3 
ro 
~ 
u 
C 

~ 
.2 10-4 
~ 
Cl) 
o_ ◊ simulation 
E -- analysis 
~ 

10-5 ~---~---~---~---~ 
-40 -35 -30 -25 -20 

Nanoparticle Tx Power (dBm) 

(b) STD of 6.T 

Max of b. T, .\P:50 NP/µI 
1Q' 10 

Cl) 
en 
ro 
~ 
u 10° 
C 

~ 
::i 

"§ 10-1 
Cl) 
o_ 

E 
Cl) 

I-
E 10-2 
::i ◊ simulationE ·x -- analytical approximation 
ro 
~ 10-3 ~---~---~---~---~ 

-40 -35 -30 -25 -20 

Nanoparticle Tx Power (dBm) 

(c) Max of 6.T 

Figure 5.4: Temperature increases induced at different transmission power levels. 



102 

m1ss10n power. Note that, the maximum temperature increase is still marginal(~ 0.2 

K) even with 10 µW (-20 dBm) transmission power. We can also observe that the max

imum temperature increase of the typical cell can be approximated (upper bounded) by 

the temperature increase at a cell that is closest to an NP. This also means that the severe 

blockage effect of the dense RBCs prevents an RBC from being heated by a farther NP. 

This observation provides us some intuition to simply approximate the distribution of 

l::J.T. 

5.4.3 Approximating the Distribution of ~T 

According to (5.8), the Laplace transform of a random variable uniquely determines 

its moments. In turn, the distribution of the random variable may be found from the 

moments, e.g., by moment matching [79]. However, as we mentioned previously, the 

severe blockages prevent the typical cell from being affected by distant NPs. In other 

words, the temperature increase is largely induced by the nearest NP. It turns out that we 

can develop a closed-form expression for the distribution of l::J.T with approximations 

inspired by this insight. 

Denote by d0 the distance between the typical cell and the nearest LOS NP. We first 

derive the cumulative distribution function (CDF) of d0 . Note that NLOS NPs can be 

removed by independent thinning. Let r denote the distance from an NP to the typical 

cell, the probability that the NP is retained as a LOS NP is PL (r). Since the NPs with 

main lobes toward the typical cell contribute significantly more heat, the NPs with side 

lobes toward the typical cell can be further thinned. Therefore, the average number of 

LOS NPs with main lobes towards the typical cell within a sphere centered at the typical 
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cell with radius d is 

A(d,,\p) = f( PL(lxl)amnAp(dx) 
l 1~ <d 

~41ram,Apc1C,3 (2 - c-" d(cjd' + 2c2d + 2)) ( 

The CDF of d0 is 

(5.13) 

As mentioned, the total temperature increase of the typical cell can be approximated 

by the temperature increase induced by the nearest NP: 

(5.14) 

Therefore, the CDF of 6.T is 

Ft:,.r(x) = IP(6.T < x) = IP(do > Jc39mn /x ) 

~1 - Fdo( 19=/x) ~ exp ( A( ✓c, gm,X-1 
, A,)) ( 

Note that to get a closed-form expression for Ft:,.r(x), we also omitted the absorption 

term, considering the very weak absorption ability of plasma to optical waves, and the 

very small propagation distance (nearest NP). 

Fig. 5.5 shows the distribution of the temperature increase given Ap = 50 NP/µl and 

Pt = 1 µW. We can see that the analytical expression provides a reasonable approx

imation to the distribution of 6.T. The curves in Fig. 5.5 are also justified by the fact 

that the ratio of NPs to RBCs is very small (50 vs. 5 x 106 NP/µl), so only a very small 

number of RBCs get hit directly by NPs' transmissions. 
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Figure 5.5: Distribution of temperature increase. The embedded plot shows the full CDF from 
IP' (6.T < x) = 0 to IP' (6.T < x) = 1. 

5.5 Conclusion 

Using stochastic geometry, we investigated the temperature increase of RBCs induced 

by intra-body optical wireless communications. Specifically, we derived the Laplace 

transform of temperature increase at a cell, which allowed us to statistically understand 

the photo-thermal effect induced by EM waves. For the RBC case, we noted that the 

temperature increase is marginal due to the fact that RBCs actually act as obstacles, 

which prevent other RBCs from being heated by EM waves, and the very small trans

mission power of NPs. We also note that the analysis is generic so it is straightforward 

to apply the framework to other biological tissues. 



Chapter 6 

Conclusion 

This dissertation has presented research on the modeling and analyzing of emerging net

work technologies. Using stochastic geometry, we developed and validated analytical 

frameworks for modeling and analyzing mm Wave cellular networks, D2D relay assisted 

cellular networks, and intra-body nano-optical wireless networks. Given the validated 

frameworks, we were able to systematically study the networks performance, and ex

plore the effect of different parameters on the network design. 

6.1 Summary 

Chapter 2 presents a novel low-complexity, analytical framework for modeling and an

alyzing mmWave cellular networks. We first developed a cylindrical obstacle model 

and demonstrated that it is accurate in modeling LOS probability in cellular networks. 

We then analyzed the coverage of mm Wave cellular networks with blockage effect and 

beamforming incorporated. We showed that the coverage probability model developed 

based on dominant interferer analysis provides a reasonably tight upper bound on the 

coverage probabilities obtained by PPP-based BS models for mm Wave links. Further-
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more, the analytical and simulation results provide numerous important insights on the 

performance of mm Wave cellular networks. (i) The upper bound provided by dominant 

interferer analysis is tighter for higher obstacle densities. Dominant interferer analysis 

becomes inaccurate at extremely high BS densities/low ISDs, particularly when the ob

stacle density is low. (ii) Obstacles play an important role in mitigating interference on 

mm Wave links. As a result, higher obstacle densities lead to higher coverage probabil

ities at high SINR thresholds. (iii) Mm Wave cellular links are noise-limited at light to 

moderate BS densities, but become interference-limited at higher BS densities. The BS 

density at which they become interference-limited increases with the obstacle density. 

(iv) Given a network scenario, the coverage probability is maximized at some BS density 

threshold; increase of BS density beyond this threshold leads to decrease of coverage 

probability; the BS density threshold increases with the obstacle density in mm Wave 

cellular networks. 

In Chapter 3, we envision mm Wave cellular networks in which D2D relays are used 

to route around blockages. Using stochastic geometry, we derived coverage probability 

and spectral efficiency models for the downlink of D2D relay-assisted mm Wave cellular 

networks under the assumption that D2D transmissions are employed on either mm Wave 

uplink spectrum (mm Wave D2D) or microwave uplink spectrum (microwave D2D). For 

mm Wave D2D, coverage probability is analyzed using use dominant interferer analysis; 

while for microwave D2D, we investigated the performance with both LOS and NLOS 

propagation of D2D signals taken into account. The analytical and simulation results 

provide numerous important insights on the performance and system design of D2D 

relay-assisted mm Wave cellular networks. (i) Microwave D2D links experience poor 

coverage in the scenarios with dense obstacles or dense interferers, although microwave 

D2D connection can be established under NLOS condition. (ii) The BS density that 

maximizes the coverage probability increases with the obstacle density in relay-assisted 
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mm Wave cellular networks. (iii) Mm Wave and microwave D2D relays improve the 

downlink coverage probability and SE in various scenarios across a wide range of BS 

densities and SINR thresholds. (iv) Deploying D2D relays on mm Wave uplink spectrum 

has a smaller impact on the cellular uplink resources than deploying them on microwave 

uplink spectrum. 

In Chapter 4, we generalized the analysis of D2D relay assisted cellular networks. 

We first developed a coverage probability model for two-hop D2D relay-assisted cel

lular networks. The two-hop coverage probability model captures the correlation of 

the interference experienced on the two hops, while allowing for the per-hop coverage 

probabilities to be derived separately. This decoupling leads to a powerful yet tractable 

framework for two-hop coverage probability modeling. We then analyzed the effect of 

two-hop relaying on the spectral efficiency taking into account the resource usage in 

D2D transmission. Numerical results show that the derived coverage probability model 

is accurate and that D2D relays dramatically improve the coverage, especially at low 

SINRs. Additionally, we demonstrated that spectral efficiency in a relay-assisted cellu

lar network depends on the relaying SINR threshold. 

In Chapter 5, motivated by the powerfulness of stochastic geometry in analyzing 

cellular networks, we developed a framework to analytically investigate the temperature 

increase of RBCs induced by intra-body optical wireless communications. Specifically, 

we derived the Laplace transform of temperature increase at a cell, which allowed us 

to statistically understand the photo-thermal effect induced by EM waves. We also ap

proximated the distribution of temperature increase, which has a simple expression and 

is easy to be evaluated. For the RBC case, we noted that the temperature increase is 

marginal due to the fact that RBCs actually act as obstacles, which prevent other RBCs 

from being heated by EM waves, and the very small energy reservation (and thus very 

small transmission power) of NPs. We also note that the analysis is generic so it is 
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straightforward to apply the framework to other biological tissues. 

6.2 Future Work 

Building on the developed frameworks, we propose the following two extensions for 

future research. 

• First, the framework of D2D relay assisted cellular communications can be ex

tended to incorporate analysis on underlay D2D relay operation. In D2D relay 

assisted cellular networks, D2D communications can be implemented in the man

ner of overlay, or in the manner of underlay [56] [80]. In underlay D2D relay 

operation, D2D and cellular transmissions can be allocated non-orthogonal re

sources in a cell. Resource reuse between D2D and cellular transmissions, and 

between different D2D transmissions, may further improve the network perfor

mance [81] [82] [83]. The modeling and analyzing underlay D2D relay may be 

more involved since resource reuse will complicate the interference process mod

eling. We expect that the extended framework will provide more comprehensive 

insights on the performance and behaviors of D2D relay assisted cellular commu

nications. 

• Second, to extend the intra-body photo-thermal effect modeling framework to pas

sive NP case. In passive NP operation, NPs do not actively transmit, but they may 

reflect EM waves radiated by an external source [84]. As a result, the tissue cells 

(e.g. RBCs) are excited by not only the EM waves from external source, but also 

the reflected EM waves. Therefore, due to the reflection and the potentially higher 

transmission power of external source, we expect to observe higher temperature 

increase in the passive NP case. 
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