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Abstract

The widespread use of mobile devices and the emergence of new wireless ser-
vices have led to an impressive escalation in data traffic demand, which poses
extremely huge challenges in current communications systems that operate in sub-6
GHz bands. The investigation of novel paradigms of network deployments and
spectrum utilization is required to support the upcoming demands for higher data
volume, communication rate as well as system capacity. The deployment of hetero-
geneous networks (HetNets) operating in the millimeter-wave (mmWave) frequency
band has been advocated as one of the most promising enabling technologies to
meet these demanding requirements. However, the co-design of mmWave hetero-
geneous cellular networks with sophisticated communication and signal processing
techniques, such as full-duplex (FD) radio, coordinated multi-point (CoMP) trans-
mission, successive interference cancellation (SIC), power control and weighted cell
association, has been disregarded. In addition, even though the synergy of com-
munication and radar systems can potentially enhance the network performance
in terms of interference mitigation and improved localization, its investigation in
the context of mmWave heterogeneous cellular networks has been neglected. To
this purpose, this PhD dissertation presents a novel analytical framework based on
stochastic geometry to evaluate the achieved performance of the aforementioned
techniques in next-generation mmWave heterogeneous cellular networks, from a

macroscopic point-of-view.

Firstly in Chapter 3, we investigate the problem of base station (BS) cooper-
ation for the co-design of HetNets and mmWave systems. Specifically, a novel
low-complexity BS selection scheme was proposed, and its achieved network per-
formance was evaluated in the context of three well-known association policies.
Moreover, we investigate the employment of an ideal SIC scheme for the considered

cellular networks to further enhance the achieved network performance. However,
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the performance of a user is strongly correlated with its location with respect to
the serving BS. Motivated by this, in Chapter 4, we evaluate the performance of
mmWave heterogeneous cellular networks for two user location-based classifica-
tions, namely cell-center user (CCU) and cell-edge user (CEU). Aiming to further
enhance the network’s spectral efficiency, both the BSs and the users are able to op-
erate in FD mode. Furthermore, the achieved performance under the utilization of
an ideal SIC scheme is investigated. Nevertheless, to achieve the desired ubiquitous
coverage in next-generation networks, the heterogeneous deployment of multi-band
BSs is required.

In Chapter 5, we further extend our proposed mathematical framework in the
context of HetNets sub-6 GHz/mmWave cellular networks, where users are classified
either as CCU or CEU. In particular, we propose a novel hybrid cooperation scheme
that exploits the CoMP technique in order to enhance the performance of the CEUs
and provide ubiquitous connectivity. Finally, driven by the ever-increasing demand
for systems with both communication and radar sensing capabilities, in Chapter 6,
we study the synergy of communication and radar systems in the context of mmWave
heterogeneous cellular networks by exploiting the concept of FD radio. Specifically,
we propose a novel cooperative multi-point radar detection (CoMRD) technique,
and its achieved detection performance was evaluated in the context of three hard-
decision combining rules. Moreover, we study the spatial and temporal interference
correlation of the considered network deployment by taking into account a repulsive
point process and by investigating the joint detection probability over different time
slots, respectively. By leveraging stochastic geometry tools, tractable closed-form
expressions for fundamental network performance metrics, such as the coverage
probability, network throughput and meta-distribution, are investigated throughout
this PhD dissertation. These closed-form expressions provide a quick and convenient
methodology of evaluating the system’s performance and obtaining insights into

how key system parameters affect the performance.
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[Teplindn

H evpela ypriomn TV xvnTtov GUGKEUMY XL 1) ELPEVIOT) VEGY AGURUITLY UTNEECLOY £YOUY
0dNYNoEL OE Wit EVIUTIWOLoY) XAUdxwon g {ATNong e xuxhopoplag Sedouévey, 1
omofa dnuioupyel eCapeTnd TEQIOTIEC TPOXAHCELS GTO CNUEPLVE GUGC TANTA ETULXOVGVI-
OV Tou Aettoupyolv ot (wveg xdtw twv 6 GHz. "Aga, eivar anopaftnTn 1 dlepedvnon
HOUVOTOUWY TORAUOELYHATWY oVATTUENS BIXTOWY X0l ¥PHOTG TOU QPACUUTOS YLOL VO UTOG T}
ety o0y ol emEpyOUEVES ATAUTACELS Yial HEYUADTEQO OYXO BEBOUEVLY, pUIUO ETXOVGLVING
xodde xou ywenuxdtnTe Tou cuoTAatos. H avdmtuln etepoyevidv dixtiwy To omola
Aettoupyolv 6T {WVn GUYVOTATWY YIAOCTOUETEXOY X 0UaTog UToo Tneileton w¢ pio amd
TIC TO EATUOOPOPES TEYVOAOYIEC TOU ETUTEETOUY TNV LXAVOTIONGT) AUTOY TWV ATUTACEWY.
(061660, 0 GUV-GYEBLACUOS TWYV ETEQOYEVMY XUPEAWMTMY BIXTOWY YLMOGC TOUETELXOU XM=
TOC UE €CEAYUEVES TEYVIXEG emxOvwViag xau eneepyaciog ofuaTog, OTWS TNV TAHEWS
oappldpoUNG ETUXOWVOVIN, TN GUVTOVIGUEVT] UETADOCT] TOAAUTAGDY OTUEWY, TN BladoyIxT| o-
%©0pwoT TOPEPBOAGY, TOV EAEY YOG Loy 0O0G XL TNV G TOHULOUEVT GUVOEST) TOU YPNOTH, OEV
€youv Angdet vnodn. Emmhéoy, mopdro mou 1 cuVOTOEEN TwV CUCTNUATOY ETXOVGVING
XU pavTdp UTOEEl Vo EVIoYUOEL TNV amdd0cT, Tou BixTUou amd TNV dmoln g pelwong
TV TOPEUBOAGY Xt TOU BEATIOUEVOL EVTOTUOUOU, 1) OLEpelVNOT TNG TUPUUEAUTXE OTO
TAOLO TV ETEPOYEVDY BIXTMV YLMOGTOUETEIX0L xopatoc. ot To oxomd autod, auth 1
OLdoTOPW(H| DLaTEU3T| ToEOUGLALEL Evar VEO avarhuTiXG TAEGLO BACIOUEVO GTNV GTOY UG TIXN
YewueTpla Yo TV alohdynomn e emTeVyelcug anddoong TwY TEOUVAUPEPUEICHDY TEY V-
XV OTA ETOUEVNC YEVEAS ETEPOYEVT| BIXTUA YIALOG TOUETEIXOU XVUATOS, UTO LOXQOCKOTUXY)

omTixy| Ywvia.
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Chapter 1

Introduction

Radio transmission has allowed people to communicate without any physical con-
nection for more than a hundred years. In 1895, Guglielmo Marconi opened the
way for wireless communications by transmitting the three-dot Morse code for the
letter ‘S’ over a distance of three kilometers using electromagnetic waves. From
this beginning, wireless communications have evolved into a key element of mod-
ern society, forcing both academia and industry to witness tremendous advances to
support practical implementations and satisfy the ever-growing demands. Revolu-
tionary developments in wireless communications, such as multiple-input multiple-
output (MIMO) systems, smart antennas, advance coding and orthogonal frequency-
division modulation (OFDM), provide high quality mobile broadband services with
end-user data rates of several megabits per second over wide areas and tens or even
hundreds, of megabits per second locally. From satellite transmission, radio and
television broadcasting to the now ubiquitous mobile telephone, wireless commu-

nications has revolutionized the way societies function.

1.1 Motivation

Over the last few years, cellular networks have experienced unprecedented growth
in the number of mobile subscribers. According to Cisco’s latest report [1], more
than 27.3 billion handheld or personal mobile-ready devices are expected to utilize
the cellular network services by the end of the year 2021, up from 17.1 billion
in 2016 (see Figure 1.1). The proliferation of smart devices and the accelerated
adoption of data-hungry mobile devices, such as laptops, tablets and smartphones,

lead to the dramatic increase in data traffic demand. As reported in [1], the overall
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mobile traffic is forecasted to reach 49 exabyte per month by 2021, approximately
a sevenfold increase between 2016 and 2021. Furthermore, richer web content,
increasing social networking applications, online gaming, audio and high definition
video streaming, are factors that will continue raising the amount of data traffic in
cellular networks. In addition, the wireless networks are expected to handle and
accommodate a vastly diverse range of emerging new services and applications
such as, smart personal devices, high mobility users, machine-to-machine (M2M)
connections, home automation, self-driving cars, robots and medical monitoring [2—

6]. This unprecedented number of connected devices with such diverse requirements

2016 2017 2018 2019 2020 2021
Year

are also contributing to the global mobile traffic growth.

30

25

20

15

Billions of devices

o w

10

H M2M ® Smartphones M Non-Smartphones TVs MPCs MTablets M Other

Figure 1.1: Total number of connected devices in the world. (Source: CISCO)

The need to support this traffic explosion along with the ever-fast approaching
limits of the current generation of the cellular mobile communications, signals the
dawn of the next-generation technology era, commonly known as the beyond fifth-
generation (5G) mobile networks. Next-generation technology will enable people to
connect with applications and services through flexible, reliable, and secure wireless
networks, thus leading the human race into the era of “Everything on Mobile” [7]. In
the “Everything on Mobile” era, the mobile networks must meet requirements more
diverse than ever, which are summarized in Fig. 1.2. Specifically, next-generation
networks are meant to be able to efficiently support 10x to 100x higher number of
connected devices [8-10]. Emerging technologies with ultra-low latency and higher

data rate requirements, such as augmented reality, 3D gaming and “tactile Inter-

2



net”, will require a 100X increase in achievable data rate and a corresponding 5x
to 10x reduction in latency [8,9]. In addition, services that involve battery oper-
ated sensor networks, such as healthcare monitoring devices, laptops and mobile
phones, demand 10x longer battery life and a significant cost benefit over the cur-
rent generation [9,10]. Moreover, the demand for better quality of service along
with the ever-increasing demand for higher data quality transmission (e.g. richer
web content, video streaming and 4K video services), pushing the next-generation
systems to support data rates of 10 Gbps [9,10]. Finally, next-generation networks
are envisioned to provide ubiquitous connectivity, where the data rate of 95% of the

users ranging from 100 Mbps to as much as 1 Gbps.

10000x
more traffic

10 Gbit/s
peak data rates

Figure 1.2: Performance gains for next-generation systems.

Despite the continued evolution of the existing communication systems in terms
of standardization, implementation and deployment, addressing all current short-
falls can not be achieved by the implementation of a single communication sys-
tem [8]. Thus, the next-generation systems will encompass existing technologies
enriched with fundamentally new radio concepts in order to meet the new com-
munication requirements. Specifically, it is necessary to meet the very challenging
target of 1000-fold network capacity increase. An academic and industry consensus

is that, the target of 1000-fold wireless network capacity increase can be achieved by
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a combination of techniques and technologies, which are categorized as follows:

e Spectral efficiency: An obvious direction towards improving the network ca-
pacity is by increasing the spectral efficiency (bps/Hz) of the wireless links
by using advanced physical layer techniques, such as MIMO. However, these
techniques are already relatively mature, being part of multiple wireless stan-
dards such as IEEE 802.11e Worldwide Interoperability for Microwave Access
(WiMAX) and 3rd Generation Partnership Project (3GPP) [11-15]. For instance,
in case of (MIMO), the current Long-Term Evolution (LTE)-Advance standard
already supports 8 antenna elements in the downlink (DL) and 4 in the uplink
(UL) [16]. Furthermore, due to adaptive modulation and coding, the wireless
links are already operating close to their theoretical limits, which further limits
the gains [17]. Motivated by these limitations, the concept of massive MIMO
was originated. The main idea is the existence of base station (BS) that are
equipped with hundreds of antennas, enabling their communication with tens
of users simultaneously in each resource block [18,19]. With the possibility
of using the extra degrees of freedom to form very narrow beams, the wire-
less systems are pushed to operate in a noise-limited environments, achieving
theoretical gains in the throughput which are undoubtedly large. Moreover,
under the increasingly scarce spectrum, the ability of transmit and receive in-
formation over the same RF resources, i.e. FD mode, has become a topic of
interest for the next-generation systems [20]. This novel idea may theoretically
double the link capacity or reduce by half the allocated frequency band, when

it is compared with the current HD mode.

e Spectrum efficiency: A potential increase of the transmission bandwidth could
enable the increase of both the data rate and the capacity. However, substan-
tial amounts of available spectrum are only likely to be found in the frequency
bands above 6 GHz, i.e. mmWave band ranging from 6 GHz to 300 GHz,
and Tera-Hz (THz) band ranging from 300 GHz to 3 THz, which are charac-
terized by their abundant non-congested spectrum resources [21]. mmWave
communications constitute an ideal environment for the implementation of
various state-of-the-art techniques, such as Massive MIMO, FD radio and
HetNets, which can lead to multi-Gbps rates. However, these higher trans-

mission frequencies exhibit very different propagation characteristics, such as
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signal attenuation, multipath and reflection, compared to the current sub-6
GHz cellular frequencies, which necessitates fundamental changes in the sys-
tem design [21]. Additionally, these higher transmission frequencies require
significant changes in the hardware, including amplifiers and transceiver ar-
chitectures [22,23]. Going forward, the THz communications started to receive
considerable attention by the research community, which theoretically provide
bandwidth up to several THz, resulting in a potential capacity in the order of

Tbps [24,25].

e Spatial efficiency: Finally, dense deployment is a prerequisite for enhancing
the received signal power from the transmitter which increases the achieved
SINR. By reducing the size of the cell, the spatial efficiency is increased through
higher spectrum reuse, while the link quality can be significantly improved [26].
One of the possible solutions is to deploy HetNets consisting of several tiers of
small-cell BSs overlaid within the coverage area of the conventional macro-BSs.
Users can thus be offloaded from the overcrowded BSs, resulting in a reduced
load-factor that improves the network capacity [26-28]. Furthermore, wireless
peer-to-peer communications such as device-to-device (D2D) and M2M commu-
nication, bypass the BS and the network infrastructure, providing significantly

higher data rates and better link quality [29,30].

In particular, the requirements of significant enhancements in the network capacity
and the user-experienced data-rates can only be met by massive improvements in

all these three directions.

1.2 Thesis Outline and Contribution

This thesis provides insights into the achieved network performance of the mmWave
heterogeneous communications with the utilization of sophisticated communication
and signal processing techniques, such as FD radio, CoMP transmission,SIC, power
control and weighted cell association. Leveraging concepts from stochastic geome-
try, we establish analytical frameworks that incorporate key features of these cellular
networks. The outline of the thesis, together with the publications supporting the
contributions, is as follows.

In Chapter 2, we provide preliminaries so that the concepts of this dissertation
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are comprehensible. In particular, we introduce the concepts of HetNets and of
mmWave communications, focusing on the technical issues and design problems
imposed by their integration on cellular networks. Moreover, we introduce state-of-
the-art models for the analysis of the HetNets and the mmWave communications.
The second part of the chapter focuses on the analysis of these networks with the
aid of stochastic geometry, providing key results and important assumptions that
are adopted throughout this thesis.

In Chapter 3, we investigate the integration of HetNets deployments in systems
operating at the mmWave frequency band. We propose a low-complexity BS se-
lection scheme which provides low computational and implementation complexity
without depriving in diversity compared to existing cooperation techniques. More-
over, we consider the case where the users have the ability to employ an ideal inter-
ference cancellation technique which provides a significant increase in the network

performance. The content of this chapter are based on:

e C. Skouroumounis, C. Psomas, and I. Krikidis, “Low complexity base station
cooperation in cellular networks with blockages,” in Proceedings of IEEE Wireless
Communications and Networking Conference, Doha, Qatar, Apr. 2016, pp. 1381-
1386.

e C. Psomas, C. Skouroumounis, and 1. Krikidis, Relay selection in modern com-
munication systems, chapter in the book titled Advanced relay technologies in next

generation wireless communications. Editors: I. Krikidis and G. Zheng, IET, 2016.

e C. Skouroumounis, C. Psomas, and I. Krikidis, “Low-complexity base station
cooperation for mmWave heterogeneous cellular networks,” in Proceedings of

IEEE Global Communications Conference, Washington, DC, Dec. 2016, pp. 1-6.

e C. Skouroumounis, C. Psomas, and I. Krikidis, “Low-complexity base station
selection scheme in mmWave cellular networks,” IEEE Transactions on Commu-

nications, vol. 65, no. 9, pp. 40494064, Sept. 2017.

In Chapter 4, we assess the effect of FD radio in the context of heterogeneous
mmWave cellular networks. Specifically, we propose an analytical framework to
evaluate the coverage and sum-rate performance of the considered cellular net-
works for two user location-based classifications, namely CCUs and CEUs. Our

results demonstrate the beneficial combination of FD radio with heterogeneous
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mmWave cellular networks, and the trade-off between the coverage and the sum-rate
performance is depicted. Moreover, we evaluate the performance of the considered
networks with the employment of an ideal interference cancellation scheme, demon-
strating the significant performance gains for the CEUs. This chapter includes the

material in:

e C. Psomas, C. Skouroumounis, I. Krikidis, A. Kalis, Z. Theodosiou, and A.
Kounoudes, “Performance gains from directional antennas in full-duplex sys-
tems,” in Proceedings of IEEE International Conference on Microwaves, Communi-

cations, Antennas and Electronic Systems, Tel Aviv, Israel Nov. 2015.

e C.Skouroumounis, C. Psomas, and I. Krikidis, “FD-mmWave cellular networks
with location-based user classification” in Proceedings of Asilomar Conference on

Signals, Systems, and Computers, Pacific Grove, CA, USA, Oct. 2018.

e C.Skouroumounis, C. Psomas, and I. Krikidis, “Full-duplex radio in mmWave
cellular networks with cell center/edge users” in Proceedings of IEEE Global

Communications Conference Abu-Dhabi, UAE, Dec. 2018.

e C. Skouroumounis, C. Psomas and I. Krikidis, “Heterogeneous FD-mm-Wave
cellular networks with cell center/edge users,” IEEE Transactions on Communi-

cations, vol. 67, no. 1, pp. 791-806, Jan. 2019.

e J. M. B. da Silva, C. Skouroumounis, I. Krikidis, G. Fodor, and C. Fischione,
Energy efficient full-diplex networks, chapter in the book titled Green Communica-
tions for Energy-Efficient Wireless Systems and Networks. Editors: A. Zappone, J.
Yang, J. S. Thompson, and H. Suraweera. Eds. IET, 2019.

In Chapter 5, we propose a novel hybrid cooperation scheme in the context of
heterogeneous sub-6 GHz/mmWave cellular networks, where users are classified
either as CCUs or CEUs. Specifically, our proposed scheme exploits the coopera-
tion technique, aiming at enhancing the performance of the CEUs and providing
ubiquitous connectivity. Using stochastic geometry tools, we first establish an an-
alytical and tractable framework to investigate the achieved performance of our
proposed scheme in heterogeneous multi-band cellular networks. Based on the
proposed framework, analytical expressions for the moments of the conditional
success probability are derived for the calculation of the meta-distribution. Fi-

nally, a simple approximation of the meta-distribution is calculated, leveraging the
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moment-matching method with the Beta-distribution. Our results demonstrate that
the cooperation technique is beneficial for the CEUs and that the proposed scheme

significantly improves the overall network performance. This chapter is based on:

e C. Skouroumounis, C. Psomas, and I. Krikidis, “Hybrid cooperation scheme
in heterogeneous sub-6 GHz/mmWave cellular networks,” submitted in IEEE

Wireless Communications Letters, Sept. 2019.

In Chapter 6, we study the co-design of FD radio with joint communication and
radar sensing (JCAS) techniques in mmWave HetNets. Particularly, we propose a
novel cooperative detection technique, which exploits the sensing information from
multiple BSs, aiming at enhancing the detection performance. Three hard-decision
combining rules are considered, namely the OR, the Majority and the AND rule.
In real-world network scenarios, the locations of the BSs are spatially correlated,
exhibiting a repulsive behavior. Therefore, we model the spatial distribution of
the BSs as a 5-Ginibre point process (-GPP), which can characterize the repulsion
among the BSs. By using stochastic geometry tools, analytical expressions for the
detection performance of B-GPP-based FD-JCAS systems are expressed for each of
the considered combining rule. Furthermore, by considering temporal interference
correlation, we evaluate the probability of successfully detecting a target over two
different time-slots, and provide analytical expressions for each combining rule.
Our results demonstrate that our cooperative technique can significantly improve
the detection performance when compared to the conventional non-cooperative
technique. Moreover, several useful trends in detection performance are illustrated
as a function of the repulsion between BSs, the temporal interference correlation and

the network characteristics. This chapter includes the material in:

e C. Skouroumounis, C. Psomas, and I. Krikidis, “FD-JCAS techniques for
mmWave HetNets: Ginibre point process modeling and analysis,” submitted

in IEEE Transactions on Wireless Communications, Sept. 2019.

e C. Skouroumounis, C. Psomas, and I. Krikidis, “Cooperative detection for
mmWave radar cellular networks,” submitted in IEEE International Conference

on Communications, Oct. 2019.

Finally, in Chapter 7 we conclude the thesis with a summary of the main contri-

butions and a discussion on potential directions for future work.
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Chapter 2

Background

HetNets and mmWave communications have been identified as promising technolo-
gies for handling the explosive growth of data demand over the cellular networks.
The integration of HetNets and mmWave communications in cellular networks poses
new technical and design issues. In this chapter, we give an overview of the fun-
damental properties for both the HetNets and mmWave communications, as well
as the main challenges in the deployment of HetNet-mmWave cellular networks.

Detailed literature review is provided at the end of each section.

2.1 Heterogeneous Networks

Up until recently, the conventional deployment of cellular networks was homoge-
neous, where an identical set of BSs with similar transmit power levels and similar
backhaul links were placed in a planned layout. These BSs, usually referred to
as macro-BSs, are high-power tower-mounted transceivers and have service areas
called cells of roughly the same size [31]. However, the conventional homogeneous
cellular network deployment has reached its fundamental limits in many dense ur-
ban areas, while the data traffic is constantly increasing. This limits the options
for the cellular operators to increase the most important metric, the area spectral
efficiency. Unfortunately, the radio link improvements including coding, cognitive
transmission, and multiple antennas are also reaching their theoretical limits [26].
Consequently, the further improvement of the system’s spectral efficiency is only
possible by network densification [31]. Following this approach, the deployment of an
additional macro-BS in a relatively sparse environment does not severely increase

the inter-cell interference (ICI), and solid cell splitting gains are easy to achieve.
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However, in the current dense environments, the cell splitting gains are significantly
reduced due to the existing severe interference between the cells. Moreover, the
cost for site acquisition in a capacity-limited dense urban area can get prohibitively
expensive [28]. Hence, the concept of the HetNets deployment was introduced as

an flexible, low-cost, and efficient solution to increase the area spectral efficiency.

2.1.1 HetNets technology

The ubiquitous coverage and ever-increasing capacity requirements for current cel-
lular networks are the major drivers for the paradigm of HetNets. The main idea
behind a HetNet is to improve the area spectral efficiency with the deployment of
a diverse set of low-power nodes, within the areas covered by the existing macro-
BSs [27,32,33]. The deployment of low-power nodes can be utilized either in the
same or in different frequency bands. Both the 3GPP LTE standard and the IEEE
WiMAX standard added the notion of “small cell” as an umbrella term for low-cost
low-power radio access nodes that operate in a range of several meters to several
hundred meters [34-37]. The deployment of these “small cells” focuses on eliminat-
ing any coverage hole in outdoor and indoor environments as well as to increase the
spatial reuse, resulting in an increased capacity of the network [38,39]. Thus, while
the placement of the macro-BSs in a cellular network is generally based on a careful
network planning, the placement of the small cells may be more or less ad-hoc, based
on just a rough knowledge of the coverage issues and the traffic density (e.g. hot-
spots) in the cellular network. A network, which consists of traditional macro-BSs
and embedded small cells, as shown in Figure 2.1, is called heterogeneous cellular
network. The different network components depicted in Figure 2.1, can be briefly

characterized in the following way

e Macro-BSs have typically a high output power (up to 46 dBm [28]) and are

deployed in a planned layout to provide basic coverage.

e Pico-BSsare deployed both in indoors and outdoors enviroments, transmitting
power from 23 dBm to 30dBm and are capable of serving few mobile devices
at a distance of less than 300 meters [28]. Their communication with the
macro-BS is performed via a dedicated high-bandwidth low-latency backhaul

connection.
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¢ Remote radio head (RRH)/distributed antennas are connected to the macro-
BSs using a dedicated high-bandwidth low-latency backhaul connection; they
have minimal autonomous intelligence and act as extensions of the BS antenna

ports.

e Fempto-BSs are meant for indoor use and their transmit power is less than
23 dBm. Unlike pico-BSs, the femto-BSs may be configured with a restricted
association, allowing access only to its closed subscriber group members [38].
A major advantage of the femto-BSs as compared to pico-BSs and RRHs is
that they do not need to be planned and maintained by the cellular operators.
This is because the fempto-BSs are connected to the core network through a
last-mile Internet backhaul connection. The last-mile technology refers to the
tinal leg of the wireless networks that deliver communication services to the

users through high-bandwidth cables.

e Relays are infrastructure equipment that wirelessly connect to the network
backbone and assist in the signal transmission between the macro-BS and the
users by receiving and re-transmitting the received signal. Relays offer flexible
option where wireline backhaul is unavailable or not economically feasible [40].
Depending on whether the backhaul connection is on the same frequency as

the access link or not, the relays are classified as in-band and out-of-band [40].

The heterogeneous deployment of cellular networks brings several benefits for
both the mobile users and the network providers. First, the users in isolated areas
can now be served by the newly deployed small cells and can experience high
data rates, low latency and reduced energy consumption. This is due to the short-
range communication with the serving BS and its potentially favorable propagation
conditions. Furthermore, since a small cell transmits with much smaller power than
the conventional macro-BS, it can opportunistically transmit in the same resource
blocks with the macro-BS without creating severe interference to the serving users by
the macro-BS. Consequently, the HetNets can provide a more efficient area spectral
efficiency (i.e., total number of users served per Hz per unit area). In addition,
compared to the macro-BSs, the deployment cost of the small cells can be reduced
thanks to the smaller deployment sizes and the flexible backhaul solutions. Finally,

the integration of small cells within the network deployment can offload users from
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Figure 2.1: HetNet topology consisting of high-power (macro) and low-power BSs.

the congested macro-BSs to enhance their quality of service and increase the overall

system capacity.

2.1.2 Design Challenges for HetNets

The existence of large disparities in the transmit power between the nodes of the
HetNets impose many challenges. Such power disparities, in general, put the small
cells (pico, femto, and relay) at a disadvantage relative to the macro-BSs. In order
to overcome the challenges posed by the heterogeneous deployment of the BSs and
to fully exploit the benefits of such deployments, several fundamental changes are
required in the traditional approaches for modeling, analyzing and designing of the
cellular networks. The basic challenges faced by the current wireless communication
networks are (i) the spatial modeling, (ii) the cell association policy, and (iii) the

interference management.
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Spatial Modeling

Until recently, both the academia and the industry were extensively used the hexag-
onal grid model for the spatial deployment of cellular networks [41]. It is flexible
and commonly accepted as a reasonably useful model to represent well-planned ho-
mogeneous BS deployments [32,42]. On the other hand, it is generally not tractable,
requiring overly simplistic assumptions and extensive simulations [43,44]. In ad-
dition, with the further densification of cellular networks, the network topology
is evolving towards an irregular spatial deployment of the nodes. In the context
of HetNets, the small cell deployment is typically beyond the scope of the network
planning as it aims to address the coverage issues in the cellular networks, and there-
fore is a random process [26,27,32]. Without prior information, the best statistical
model for the deployment of small cells is the uniform distribution, which corre-
sponds to the complete spatial randomness. In that case, the network properties can
conveniently be captured by a Point Process (PP) and enable to leverage techniques
from the stochastic geometry. This powerful mathematical framework recently gained
momentum as the only available tool that provides a rigorous approach to model,
analyze and design of HetNets [45-47]. Among several PPs, due to its indepen-
dence property, the Poisson PP (PPP) is the most popular, most tractable, and most
important process. Models based on the PPP have been used for large-scale ad-hoc
and cellular networks for more than three decades [48,49], and the performance
of PPP-based networks is well characterized and understood. Although, PPP fails
to characterize the correlation among the locations of the network’s nodes, since
the nodes are located independently of each other. However, in many practical
networks, the locations of the nodes are determined to alleviate the interference or
extend the coverage region, and therefore there exists a form of repulsion among the
network’s nodes. Recently, the Ginibre PP (GPP) [47,50], which is a type of repulsive
point process, has been advocated to model random phenomena where repulsion is
observed. The authors in [51] extended the GPP model to a more general class called

a p-GPP, where 8 can be used to control the repulsion between points.

Cell Association

For the conventional homogeneous network deployments comprised only of macro-

BSs, the problem of cell association is typically decided based on the maximum
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DL receive signal strength (RSS) [43,52,53] criterion. However, the assignment of
users to a particular BS is a non-trivial problem for HetNet deployments, due to the
existence of large disparities in the transmit power between the network’s nodes.
The significantly larger transmit power of the macro-BSs results in a decidedly larger
coverage area compared with that of the small cells. Thus, the above mentioned
association criterion leads most of the users to be attracted towards the macro-BSs,
while the reduced available power of the small cells attract a limited number of
users [26]. This situation might cause the severely congestion of the macro-BSs
while the resources at the nearby small cells are underutilized. Thus, even if a user
receives the strongest signal from the macro-BS, it is desirable to offload the user to
the nearby lightly-loaded small cell which can serve the user with higher data rate
by allocating a larger fraction of radio resources [26]. As a consequence, the load
in a macro-BS will sufficiently be reduced, allowing the remaining associated users
at the macro-BS to be served with improved data rates. Generally, the optimal cell
association in a HetNet is the one that can maximize the data rate of all users in the

network through balanced distribution of the user loads across all tiers of the BSs.

Interference Management

Since interference is considered as one of the most important limiting factors of
the cellular network performance, interference management is a primary concern
in any cellular network. For the HetNet topologies, the lack of available spectrum
forces the deployment of the small cells in the same frequency band as the macro-
BSs, causing additional interference that may compromise the performance of the
HetNets [38,54]. Thus, the interference management is even more important in
ultra-dense HetNets deployments. However, the interference scenarios in HetNets
are more complex than those in the conventional homogeneous cellular networks
and require advanced interference management techniques. For example and as
explained above, the users in the HetNets are offloaded from the macro-BSs to the
small cells in order to achieve a balanced distribution of user’s loads across all tiers.
Thus, each offloaded user suffers from severe DL interference because the macro-BS,
which transmit the strongest RSS and should have been the serving BS, now acts
as an interferer [54]. As a result, the benefits of the load balancing cannot be fully

realized unless a suitable interference mitigation technique is employed. In addition,
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Figure 2.2: The three main problems for the HetNets and some of the related solutions

in the literature.

the users that are located in the coverage area of a fempto-BS with restricted access,
suffer from severe DL interference from the femto-BS. Meanwhile, the users that are

served by the femto-BSs are also severely interfered by these users in the UL.

2.1.3 Related Work

In this section, we present an overview on spatial modeling, cell association, and
interference management challenges for HetNets, with some examples of relevant
solutions in the literature. Many works in the literature consider the above challenges
separately or only partially jointly as illustrated in Figure 2.2.

As previously mentioned, for the spatial modeling of the BSlocations in a cellular
network, the stochastic geometry approach is widely used in the literature. The
approach of analyzing the network performance using stochastic geometry tools
has been supported since 1997 [55,56]. Such an approach seems sensible for the
deployment of small cells [57-59] or ad-hoc networks [45,48,49,60], but it is dubious
for the deployment of the macro-BSs which is based on a careful network planning.
Nevertheless, the difference between randomly placed and actual planned locations

may not be as large as expected, even for the macro-BSs deployment. Indeed, the
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authors in [43] showed that for a one-tier network, even with the BS locations drawn
from a PPP, the resulting network model does not deprived in accuracy compared to
the standard grid model. Specifically, the authors showed that the SINR experienced
by the users in a simulation with actual BS locations is upper bounded by the SINR
of the users in an idealistic grid model, and lower bounded by the SINR of the users
in a random network. Interestingly, the random network provides a lower bound
that is as tight as the upper bound provided by the idealized grid model [61], and is
preferred due to the tractability provided by the stochastic geometry.

Motivated by the mathematical tractability of the PPP models, researchers have
recently turned their attention to study the system-level performance of cellular net-
works with the aid of stochastic geometry. In the context of heterogeneous deploy-
ments, which are of interest in the present thesis, the authors in [62,63] investigated
the performance of a two-tier HetNet, consisting of a macro-tier and a femto-tier,
using tools from stochastic geometry. For the general deployment of a K-tier HetNet,
the authors in [64] developed a tractable model for the DL SINR, where each tier
differ in terms of average transmit power, supported data rate and BS density. The
aforementioned model was extended in [65,66], where under certain assumptions,
closed-form expressions are derived for the coverage performance. Closed-form ex-
pressions are a useful tool to easily obtain insights into how key system parameters
affect the system’s performance. Interestingly, the insights derived from the closed-
form expressions in [65] have been corroborated by the industry field trials [27] and
the observations from extremely detailed simulations [28]. Although there has been
substantial work studying PPP-distributed wireless networks, few works investi-
gate network deployments that are spatially distributed based on a repulsive PP, i.e.
p-GPP. The performance of an energy-harvesting network with repulsive distributed
energy sources was studied in [67]. In [68], the performance of cellular networks
modeling the locations of base stations as a p-GPP is examined. In the context of
HetNets, f parameter can be varied to model both macro-cell BS locations which
exhibit high repulsion and small-cell BSs, whose locations exhibit less correlation.

The aforementioned results focused on the DL transmission, where large power
disparities exist between the BSs in a HetNet. In contrast, all transmitters in the UL
direction can transmit at roughly the same power level. In addition, the DL traffic is
typically much heavier than the UL traffic. In view of these asymmetries, the DL and

the UL direction need to be considered as two different networks, where different
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models for the interference, the cell association, and the throughput are required [26].
Thus, the DL-UL decoupling (DUDe) technique has emerged as an efficient approach
to alleviate the DL-UL asymmetry and to improve the UL performance [63]. A
tractable model of HetNets was proposed to characterize the network performance
with decoupled access in [69], and it is shown that DUDe leads to a significant
improvement in the rate coverage probability over the standard coupled association
strategy in the HetNets. A complete survey about the DUDe technique can be
found in [70], where the authors stated that the DUDe technique could lead to
significant gains in the network throughput and the power consumption. A network
consisting of hybrid sub-6 GHz macro-BSs and mmWave small cells was studied
in [71], where the performance gains with different decoupled association strategies
were investigated, and the authors observed that the DUDe approach is a key factor
in improving the UL and the DL performance. Finally, in DUDe networks with
multi-antenna BSs, offloading the users to small cells is required in order to leverage
the benefits of multiple antennas [63].

In contrast to the conventional homogeneous single-tier cellular networks, there
are more BSs in the HetNets from which the user can choose to associate with.
Therefore, a cell association scheme is an indispensable factor in the heterogeneous
wireless networks modeling. Most of the works adopting a stochastic geometry
model assume a cell association scheme based on the maximum RSS [66, 69,72-75].
An alternative cell association scheme is adopted in [64,76,77], where the users asso-
ciate with the BS that provides the maximum SINR. However, in the heterogeneous
cellular networks, choosing the appropriate network tier to associate with, is a non-
trivial problem [78], and a simple RSS- or an SINR-based cell association scheme may
not be optimal. As mentioned earlier, the large disparities in the transmit power be-
tween the elements of the HetNets, brings the unbalanced load distribution between
the BSs in different network tiers. Therefore, to enhance the load balancing between
the network tiers, a simple technique called biasing was proposed in [66,79, 80], to
artificially bias the user association to the small cells. Specifically, the proposed
technique virtually increases the relative transmit power of the small cells, biasing
the user to associate with a small cell even if it does not provide the strongest RSS (or
equivalently the strongest SINR). The biasing technique is also widely known as cell
range expansion (CRE) method in the 3GPP standards [81-83]. The authors in [84]

developed an analytical framework to evaluate the performance gains achieved with
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the implementation of the CRE technique in the context of HetNets. For a two-tier
HetNet, in [85], the authors examined different offloading/biasing techniques that
can be used to offload users from one network tier to another, in order to efficiently
control the load in each tier. Finally, the impact of the biasing technique on the energy
efficiency was analyzed in [80] for the heterogeneous cellular deployments. How-
ever, although the aforementioned load balancing techniques significantly increase
the network capacity, their major drawback is the reduced coverage performance
due to the increased ICI [72]. Therefore, the achieved gains from the load balancing
techniques could be negated if interference management techniques are not adopted.

In order to address the constraints implied by the ICI, many interference manage-
ment techniques were investigated during the past decades. Initially, in the 3GPP
Release 8 [12] the ICI coordination (ICIC) approach was proposed, which aims to
perform interference suppression by allocating different resource blocks to CEUs.
Throughout the literature, there are two well-investigated ICIC approaches, namely
fractional frequency reuse (FFR) [86, 87] and soft frequency reuse (SFR) [77, 88].
However, this approach is only considered for the interference mitigation in the ho-
mogeneous networks [12]. Motivated by this, the enhanced-ICIC (eICIC) approach
was firstly introduced in the 3GPP Release 10 [14] and further investigated in the
3GPP Release 11-14 [15,89-91], which is an advanced version of the ICIC, evolved
to support HetNet environments. Such an approach is the CoMP transmission and
reception. The main concept of the CoMP approach is the multi-node coordination
in such a way that the transmission signals from/to other nodes do not incur serious
interference or even can be exploited as a meaningful signal. In the framework of
3GPP, the CoMP transmission is categorized as joint transmission (JT) [75,92, 93],
dynamic point selection (DPS) [75], dynamic point blanking (DPB) [75], and coordi-
nated scheduling/beamforming (CS/CB) [94,95]. In [93], the authors use stochastic
geometry to analyze the JT for the DL heterogeneous cellular networks modeled as
multiple tiers of independent PPPs. This work was further extended in [75], where
the authors investigated multiple types of CoMP schemes, including JT, DPB, and
DPS/DPB, in the context of DL HetNets environments. Another interference manage-
ment technique for boosting the network performance is the SIC technique [96,97]. A
SIC policy is investigated in [98], [99], where the authors evaluate the performance
after successfully decoding and canceling the most dominant interfering signals.

The deployment of this method in HetNets was investigated in [100], where it is
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shown that the main additional gain can be achieved through the cancellation of
the strongest interfering signal. In [101], the authors study the employment of a
SIC scheme in HetNets and show that the performance benefits decrease with the

number of cancellations.

2.1.4 Standardization of HetNets

The transition of the cellular networks from homogeneous to heterogeneous, created
the need for an evolved ICIC to mitigate the severe interference observed in Het-
Net deployments. eICIC was introduced in the 3GPP Release 10 [14], which is an
advanced version of the ICIC, evolved to support HetNet environments. The major
change is the addition of the time domain ICIC, realized through the use of almost
blank subframes (ABSF). Specifically, an ABSF includes only control channel frames
and cell-specific reference signals, while it is transmitted with reduced power via
OAM or X2 interface [16]. Thus, if the macro-BSs configure ABSFs, then the users
served by the pico/femto-BSs can send their data during such ABSF frames and avoid
interference from the macro-BS. The ABSF technique was further enriched, in terms
of latency, in the 3GPP Release 11 [15], where the ICIC is evolved to further enhanced
ICIC (teICIC). However, since the available bandwidth is split in time or frequency
domain, the network capacity is significantly reduced. Motivated by this, the carrier
aggregation (CA) was also introduced in the 3GPP Release 10 [14] and evolved in
the 3GPP Release 12 [89], in order to increase the total bandwidth available and
thereby increase the network capacity. The basic idea of the CA is the simultaneous
transmission of data via multiple carriers, referred to as component carriers (CC).
Based on the 3GPP Release 12 [89], maximum of five CC can be aggregated with
each CC having bandwidth of 1.4, 3, 5, 10, 15, or 20 MHz. Thus, with five CC at
20 MHz, a maximum bandwidth of 100 MHz can be achieved. In addition, the CA
is available for both the frequency-division duplexing (FDD) and the time-division
duplexing (TDD), while it is backward compatible with the 3GPP Release 8 and 9
. Finally, as stated in the 3GPP Release 13 [90], the aggregation of up to 32 CCs is

supported and the usage of unlicensed spectrum for the CA is became feasible.
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2.2 Millimeter-wave Communications

One of the major challenges that the current fourth generation (4G) LTE networks
have had to deal with is the scarcity of available spectrum in the conventional sub-6
GHz frequencies used for the wireless access and backhaul links. Although the
introduction of advanced techniques such as enhanced MIMO, CoMP, HetNets, and
CA contribute for the increased capacity for the LTE-Advanced implementations,
they are not sufficient to cope with the massive data rate demand expected in the
near future. On the other hand, mmWave communications offer an alternative and
promising solution to support extremely high data rate wireless access, due to the

unbounded available bandwidth in the mmWave frequency band.

2.21 MmWaves Technology

Up until now, the operation of the wireless networks has been mainly limited to
the conventional sub-6 GHz frequency band, which ranges from 300 MHz to 3
GHz [102]. AM radio broadcasting, international shortwave broadcasting, military
and ship-to-shore communications are just some examples of wireless services that
use the lower end of the spectrum, from the hundreds of KHz to the tens of MHz
(e.g., medium-wave and shortwave bands). Television broadcasting is allocated
from the tens of MHz to the hundreds of MHz (e.g.,, VHF and UHF bands). Cur-
rent cellphones and wireless devices such as tablets and laptops works at carrier
frequencies between 700 MHz and 6 GHz, with channel bandwidths of 5 to 100
MHz [102-104]. The remarkable popularity of these wireless services causes de-
vice manufacturers and infrastructure developers to continually seek greater radio
spectrum for more advanced product offerings. Yet, despite the highly congestion
of the wireless services in the sub-6 GHz frequency band, the operating carrier fre-
quency of the mobile communications and the personal area network industries is
limited between the frequencies 300 MHz and 3 GHz. In the mmWave spectrum
though, ranging from 30-300 GHz which corresponds to wavelengths from 10 mm to
1 mm, the spectrum utilization is much lower [105]. Despite the operating services
in the mmWave frequency band such as military transmissions, vehicular radar, and
backhaul connections, a vast amount of spectrum is still available at these frequen-

cies [106]. Specifically, the 60 GHz band, also known as the V-Band, ranging between
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57 and 66 GHz is characterized by a continuous block of 9 GHz of unlicensed avail-
able spectrum. The E-Band, comprised of two blocks of 5 GHz ranging from 71-76
GHz and 81-86 GHz, offers a total of 10 GHz of available spectrum. Other promising
mmWave bands are at 28 GHz and 38 GHz, which combined roughly offer 4 GHz of
spectrum [105]. Thus, the key question is why the wireless communications did not
exploit the mmWave frequency band, since it offers unbounded bandwidth.

The answer has to do with many factors, such as the lack of fundamental un-
derstanding of the radio propagation and the cost of designing, fabricating, and de-
ploying new products and infrastructures that support such large bandwidths [107].
Fortunately, recent improvements in the semiconductor technology have facilitated
the manufacture of reliable and low-cost radio frequency circuits with gate lengths at
or below 30 nm and on-chip antennas systems operating at frequencies much higher
than 5 GHz [108]. These advancements have enabled the emergence of the wireless
communication operating at the mmWave frequencies band, which represents the
most recent game-changing development for the wireless systems [21]. Firstly, as
previously mentioned, the available spectrum at the mmWave frequency band is
unparalleled compared to the sub-6 GHz frequency band which is used for the con-
ventional cellular and the wireless local area network (WLAN) microwave systems.
In particular, all the current commercial wireless systems together have less than two
percent of the bandwidth available at the mmWave spectrum [105,106,109]. This
huge available bandwidth for the wireless communications, even if utilized with a
very low spectral efficiency, can easily provide data rate up to Gbps. Secondly, the
huge available spectrum resources of mmWave band can be shared among multiple
users, allowing for a larger number of simultaneous serving users [103,104]. Finally,
due to the much shorter wavelengths of the mmWave signals, tens-to-hundreds of
antenna elements can be integrated onto small-sized chips, thereby producing highly
directional antennas [102,104,109]. The high directivity not only indicates the high
antenna gain for throughput improvement, but also enhances the spatial reuse and

mitigates the interference in the presence of concurrent transmissions.

2.2.2 Characteristics of MmWave Communications

The availability of unbounded bandwidth in the mmWave frequency band spurred a

greatinterest in both the academia and industry, as part of the quest for substantial ca-
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pacity gains. However, the propagation characteristics of mmWave communications
have fundamental differences with the current sub-6 GHz communications [107].
Due to these differences, the mmWave communications exhibit some unique fea-
tures that are required to be considered in the design of the network architectures
and protocols in order to fully exploit their potentials. In this section, the main

features of mmWave communications are discussed.

Wireless Channel

The main drawback associated to the mmWave features is the high propagation
losses due to the much shorter wavelength compared with the conventional sub-6
GHz communication signals [21]. Its impact can be evaluated by adapting the Friis
transmission equation in a free-space scenario, that defines the relationship between

the received power P, and the transmitted power P;, which can be expressed as

(1Y
Pr(d) = PtGrth (m) ’ (21)

where G; and G, are the antenna gains of the transmit and the receive antennas
respectively, f is the carrier frequency, d is the transmission distance, and v is the
path-loss exponent that is equal to 2 in free-space. Focusing only on the last term
with isotropic transmit and receive antennas, i.e. G, = G; = 1, it emerges how
even a little increase of the frequency results in a not negligible reduction of the
received power [21]. Specifically, compared to the propagation loss that exists in
the sub-6 GHz frequency band, the propagation loss at the mmWave frequency
band is significantly higher, e.g., 28 dB higher at 60 GHz than that at 2.4 GHz [102].
Hence, the transition from the current sub-6 GHz frequency band to the mmWave
frequency band would lead to a more than 100 times lower receiver power. Other
propagation limiting factors of the mmWaves signals are the atmospheric and rain
attenuations caused by the gas molecules in the earth’s atmosphere, absorbing a
certain portion of the radio wave’s energy and vibrate with a strength proportional to
the carrier frequency [102-104]. Specifically, the impact of the atmospheric and rain
attenuation absorption on the mmWave communications is depicted in Fig. 2.3. Such
unfavorable propagation characteristics were seen as limitations when considering
the development of the mobile networks, leading the mmWave communications to

be mainly used for indoor environments [105,109].

22



E
—
s
|
T 10 e
o
W
=
= !
2 )
= 10
7]
a =
E
=]
2 ,
g 10- 4 : |
» )
Lu v » o N O A ST S . ...;.. - v
ety | / i I
107

0 50 100 150 200 250 300 350 400
Operating frequency (GHz)

Figure 2.3: Atmospheric absorption of electromagnetic waves. High absorption

have resulted in unlicensed short-range applications in the 60 GHz [21].

Directionality and Narrow Beamwidth

Friis equation indicated in Equation (2.1), shows that an easy way to counteract
the severe propagation path-losses experienced by the mmWave signals is the ex-
ploitation of transmitting and receiving gains, i.e. G; > 1 and G, > 1. Therefore,
the beamforming technique becomes extremely important in the system modeling
and design of mmWave communications [110]. Conveniently, the small wave-
length of the mmmWave signals allows the fabrication of very small antennas
and hence providing the ability of stacking tens or even hundreds of them at the
transceivers [102,104,111]. Thus, the large-scale directional antenna arrays can
be leveraged to provide substantial array gains and synthesize highly directional
beams. The main idea of the directional antenna arrays is to focus the transmitter’s
energy towards certain directions, while suppressing it in the direction of the unin-
tended receivers [110]. Hence, the utilization of directional antennas provides to the
network increased coverage performance and the interference caused by the nearby
sources is significantly reduced. The achieved high array gains help to compensate
the severe propagation losses (including the free-space and the atmospheric attenu-
ation losses) that are caused by the ten-fold increase of the carrier frequency, in order
to achieve high data rates [112,113]. Moreover, in contrast to the rich diffraction and
scattering environment of the sub-6 GHz systems, the highly directional transmis-

sions will dramatically change the signal as well as the interference power received
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by a user within the mmWave systems [112,114]. Specifically, the utilization of di-
rectional antennas in the mmWave systems narrows the transmission beamwidth,
allowing more precise targeting of the radio signals and providing a larger resilience
against the interference. Therefore, it is necessary and critical to incorporate direc-
tional antenna arrays when analyzing mmWave networks in order to fully exploit

the benefits of mmWave communications.

Sensitivity to Blockages

Another important feature of the mmWave cellular systems is their vulnerability to
blockages. [21]. Specifically, due to the short wavelength of the mmWave frequency
band, the multi-path effects in the mmWave wireless communications, e.g., diffrac-
tion and higher-order reflection, incur greater attenuation, and the penetration loss of
the mmWave signalsis significantly higher than the sub-6 GHz counterpart [105,115].
Based on the above, non-line-of-sight (NLoS) transmissions in mmWave channels
suffer from significant attenuation and a shortage of multi-paths [28]. Therefore,
mmWave systems rely on line-of-sight (LoS) transmissions to achieve the high data
rate. Blockages that emerge between the transmitter and the receiver can easily block
the LoS transmission, and greatly reduce the transmission data rate. For example,
the penetration loss of mmWave signals due to a human body, brick, and glass is
estimated at 35 dB, 80 dB and 50 dB, respectively [105]. Such high attenuation makes
mmWave connection unavailable sometimes in indoor environments and environ-
ments with dense high-rise buildings. In particular, the coverage of indoor wireless
systems operating at the sub-6 GHz would encompass a larger area compared to
the corresponding coverage area of a wireless system operating at the mmWave
frequency band [116]. The high penetration losses of the mmWave signals limit
the range of the covered area and emphasize the need for a heterogeneous deploy-
ment [28], that can provide coverage for the obstructed areas [21,117-119]. Explicitly,
the HetNets allow a wireless system to communicate with a user that suffers from
an obstructed mmWave link through a different wireless technology, such as the

conventional wireless systems operating in the lower frequency bands [117,120].
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2.2.3 Related Work

Motivated by the mathematical flexibility of the PPP-based abstraction modeling,
the research community has recently focuses on the investigation of the system-level
performance of the mmWave cellular networks with the aid of stochastic geometry.
The aim is to develop mathematical frameworks specifically tailored to account for
the peculiarities of the mmWave propagation channels and transmission schemes
which were previously mentioned in Section 2.2.2. In fact, the currently available
mathematical frameworks for modeling the sub-6 GHz cellular networks are not
directly applicable to the mmWave cellular networks. The main reasons are related
to the need of incorporating realistic path-loss and blockage models, which are

significantly different from the sub-6 GHz communications.

The use of large antenna arrays at both the transmitters and the receivers is a
key feature of the mmWave cellular systems and can be applied using digital, ana-
log, or hybrid beamforming techniques [102]. Initially, the digital beamforming
(DBF) technique pre-processes the transmitted signal in the digital domain and then
post-processes the received signal at the receiver [121]. However, this fully-digital
processing is prohibitively complex and costly at the higher frequencies since each
antenna element would require its own analog RF chain, which results in a bulkier
transceiver and higher power consumption [122,123]. The solution for overcoming
this limitation, is to perform beamforming entirely in the RF domain using analog
processing. Specifically, the analog beamforming (ABF) technique forms the beam
with only one RF chain and a pair of a digitally controlled phase shifters that are con-
nected to the individual antenna elements at both the transceiver ends [102]. Hence,
the ABF technique is considered to be cost-effective and well-fitted for mmWave
communications [124-126]. Despite its simplicity, the ABF technique comes at the
cost of handling only a single input data stream, which limits the signal processing
and multiplexing capability of the system [122]. Consequently, the further enhance-
ment of the mmWave wireless systems is only possible by the utilization of a hybrid
beamforming (HBF) technique [127-131]. The HBF technique has been proposed
as a possible solution that is able to combine the advantages of both the ABF and
DBF techniques. Specifically, the number of analog RF chains is significantly lower
than the number of the antenna elements, providing a significant cost reduction and

a lower overall power consumption, while there are less degrees of freedom [102].
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In the context of stochastic geometry, the utilization of beamforming techniques is
well-investigated for mmWave communications [84,132-134]. In [84], the authors
investigate the potential benefits of directional beamforming in mmWave cellular
networks and showed that by increasing the main lobe gain results in higher cov-
erage performance. The work in [132], showed that the use of directional antennas
at each node of a mmWave communication network along with the use of sig-
nals that are inherently directional, reduces the received interference and supports
higher densities and larger spectral efficiencies. The authors in [133] investigated the
achieved network performance of mmWave cellular networks, where the antenna
directionality was approximated by a sectorised antenna model that provides a good
approximation of the performance achieved by the actual antenna pattern.

As previously mentioned, mmWave communications suffer from high sensitivity
to blockage effects. Recent experimental investigations have shown that the pene-
tration losses through buildings can be as high as 40-80 dB [105], and so the indoor
and the outdoor mmWave systems can be considered to be isolated from one an-
other. Moreover, even in outdoor-to-outdoor or indoor-to-indoor communications,
blockages such as humans, trees and furnitures can also cause high penetration
losses. Hence, the large difference in the path-loss laws between the LoS and the
NLoS mmWave links, usually modeled via different path-loss exponents [21]. The
authors in [133, 135], showed that the achieved coverage and rate performance by
using different path-loss exponents for the LoS and the NLoS mmWave links, can
be substantially different from the prior results for the sub-6 GHz systems which
assumed a single path-loss exponent value. Therefore, for the investigation of the
mmWave network performance, the impact of blockages, such as buildings in urban
areas, should be integrated. Throughout the literature, there are two widely-used
models for the incorporation of the blockages in the signal propagation, namely
measurement-based models and stochastic geometry models. The most accurate approach
in the measurement-based models is the ray-tracing approach, where the blockages
are characterised explicitly by their sizes, locations, and shapes using a detailed
simulation of the actual physical wave propagation process [115,136]. Ray-tracing
approach is a powerful tool for practical system design, however it is not mathe-
matical tractable due to its high complexity [105,137]. Therefore the utilization of
ray-tracing approach for the performance analysis of mmWave networks is limited.

On the other hand, in the stochastic geometry models, the statistics of blockages are
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drawn randomly according to some distribution. Therefore, this approach is well-
investigated in the literature [84,113,115,118,119,138,139], since it can be applied to
study system deployments under a variety of blockage parameters, such as size and
density, providing a tractable approach to analyze the system performance.

Finally, in order to combat the high penetration losses of mmWave signals, the
co-design of mmWave communications and HetNets is crusial [105]. The authors
in [140] introduced two different deployment scenarios of heterogeneity in mmWave
cellular networks. In the stand-alone scenario, all the tiers will be operating in the
mmWave frequency bands, while in the multi-band scenario, the sub-6 GHz network
coexists with the mmWave networks. For the first scenario, a general mathematical
framework to analyze the heterogeneous mmWave cellular networks was proposed
in [141]. Based on this framework, the authors in [84] studied the SINR and the rate
coverage performance of heterogeneous DL mmWave cellular networks, and the im-
pact of the biasing factor on the energy efficiency was analyzed. The blockage effect
on the connectivity of the mmWave networks in a Manhattan-type urban region was
investigated in [138], where the authors quantified the relation between the coverage
performance of a mmWave cellular network and the parameters of blockages and
BS processes. In [142], the benefits of the BS cooperation technique in the DL of a
heterogeneous mmWave cellular system were analyzed. Finally, the impact of D2D
communications on the performance of heterogeneous mmWave cellular networks
was studied in [68]. For the multi-band scenario, the authors in [71,119] investigated
the impact of the DUDe technique on the coverage and the rate performance of a het-
erogeneous sub-6 GHz/mmWave cellular network. The aforementioned work was
further extended in [143], where the authors studied the problem of resource man-
agement for both the DL and UL transmissions in concert with the DUDe technique.
Finally, the authors in [144] investigated the achieved network performance in the
context of cache-enabled heterogeneous mmWave cellular networks, and showed
that the multi-band network outperforms the conventional HetNets in terms of the

success probability and area spectral efficiency.

2.2.4 Standardization of mmWave communications

In the light of the expected emerging broadband communication demands and the

increased challenges of the next-generation networks, 3GPP is working towards
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standardizing the mmWave for the 5G New Radio (NR) interface. Regarding the
operating frequency band of the 5G NR interface, the 60 GHzband, also known as the
V-Band, ranging between 57 and 66 GHz is characterized by a continuous block of 9
GHz of unlicensed available spectrum [145]. In addition, the E-Band, comprised of
two blocks of 5 GHz ranging from 71-76 GHz and 81-86 GHz, offers a total of 10 GHz
of available spectrum [145]. Other promising mmWave bands are at 28 GHz and
38 GHz, which combined roughly offer 4 GHz of spectrum [105]. Furthermore, the
most recent 3GPP Release 14 [91] includes the channel modeling for the frequency
band above 6 GHz, which it is defined in 3GPP Specification 38.900/38.901 [146].
Release 15 [147] was concluded at the June 2018 RAN plenary meeting, consisting
of the first set of 5G standards. However, some issues still need to be treated and
solutions need to be formalized. The commercial use of the unlicensed mmWave
band is not a new territory, but the mmWave bands have been used since the 1980s.
IEEE 802.11ad/aj for WLAN [148, 149], IEEE 802.15.3c and ECMA-387 for wireless
personal area network (WPAN) [150], WirelessHD for video area networking [151]
are standards at unlicensed 60 GHz and 45 GHz for providing short-range point-to-

point (P2P) communications.

2.3 Other Key-Enabling Technologies

Apart from the HetNets and the mmWave communications to which this thesis
focuses, there are other technologies that are also considered as enabling technologies
for the next-generation systems. Specifically, the most widely-accepted candidate

technologies for the next-generation systems, are the following

e Massive-MIMO: The ability of massive-MIMO to serve multiple users simul-
taneously within a condensed area while maintaining fast data rates and con-
sistent performance, makes it a suitable technology to address the needs of the
forthcoming next-generation era. Early reports point to the considerable ca-
pacity improvements, and could potentially yield as much as a 50-fold increase

in the future [152-154].

e Cloud radio access network (C-RAN): C-RAN is a novel RAN architecture
that can address a number of challenges that the operators face while trying to

support the growing needs of users, therefore it is seen as a major technological

28



foundation for the 5G networks [155-157].

Non-orthogonal-multiple-access (NOMA): A candidate technology that fo-
cuses into the enhancement of the spectral efficiency and attracts the interest
of the wireless community is the NOMA [158-160]. The key idea behind the
NOMA technique is to serve multiple users in the same resource block, such
as a time slot, sub-carrier, or spreading code, providing low latency, high reli-

ability, massive connectivity, improved fairness, and high throughput.

FD radio: In addition, the potentially double spectral efficiency provided by
the simultaneous transmission and reception using non-orthogonal channels,
appoints the FD radio as an enabling technology for the next-generation sys-
tems. The main drawback of FD radio is the overwhelming negative effect of
the selft-interference (SI) at a transceiver. Fortunately, with the recent advance-
ments in transceiver design and signal processing techniques, the SI signal can
be successfully suppressed below the noise floor, and therefore the FD tech-
nology becomes feasible [161-164]. However, the performance of FD radio in
large-scale multi-cell networks is also compromised by the increase of the intra-
and out-of-cell co-channel interference. Several research efforts have been car-
ried out to study the effect of multi-user interference on the FD performance
for large-scale wireless networks, and several techniques have been proposed

to mitigate the additional interference caused by the FD operation [162-164].

Recent studies [161-164] indicate that the FD systems are feasible and can pro-
vide significantly higher data rates than the conventional HD communication

systems.

D2D communications: Finally, another candidate technology for the next
generation systems is the utilization of the D2D communications. By allowing
the D2D communications, that is, the direct transmission between the users,
both the efficiency and the scalability of the future networks will be enhanced

significantly [165-167].
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2.4 Mathematical Modeling

In this section, we will initially introduce some mathematical preliminaries from the
stochastic geometry theory that are widely used in the literature, mainly focusing
on the spatial modeling of the cellular networks. Moreover, we provide the baseline
system model for this thesis, such that extensions to this model are highlighted in

the following chapters as needed.

2.4.1 Introduction to point process theory

As previously discussed in this chapter, the stochastic geometry approach is a power-
ful mathematical framework that recently gained momentum as the only available
tool that provides a rigorous approach to model, analyze and design the current
cellular networks [45-47]. A wireless communication network can be viewed as
a collection of nodes, located in some domain, where each node can be either a
transmitter or a receiver. At a generic time instant, several nodes transmit simulta-
neously, each towards its own receiver. Thus, apart from the transmitted signal from
its own transmitter, a receiver also receives the signals from the other transmitters.
In addition, the signal power radiated from a point decays in an isotropic way with
the distance. Hence, the SINR is a random variable that strongly depends on the
network geometry and significantly varies from one receiver to another and from
one time instant to another. Based on the above, the geometry of the locations of the
nodes plays a key role in the network performance since it determines the SINR at
each receiver.

Stochastic geometry tools provide a natural way of defining and computing the
macroscopic properties of such networks, by averaging over all potential network
topologies weighted by their probability of occurrence. In other words, the stochastic
geometry consists in treating such a network as a snapshot of a stationary random
model in the whole Euclidean plane or space and analyzing it in a probabilistic way
[45]. The mostbasic stationary random models studied in the stochastic geometry are
the multidimensional PPs, which can be depicted as a random collection of points in
the d-dimensional space, describing the deployment of the network’s nodes [46,47].
The probabilistic analysis of these PPs provides a way of estimating the spatial

averages which often capture the key dependencies of the network performance
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characteristics (connectivity, stability, capacity, etc.) as functions of a relatively small
number of parameters.

Similar to any random process, a PP can be described in statistical terms by
defining the space of possible outcomes and then specifying the probabilities of
different events. Let 9 be the set of all point patterns in the d-dimensional Euclidean
space R?, such that any point pattern ® € N is (i) finite, i.e. any bounded subset
B c RY contains only a finite number of points, and (ii) simple, i.e. x # y for any
x, y € ®. We use the notation N(B), to denote the number of points of the pattern ®
in the subset B, which is given by

N(B) = i 1(x; € B), (2.2)
i=1

where 1(X) is an indicator function that is equal to 1(X) = 1 if X is true, otherwise
1(X) = 0. Finally, let N be the smallest sigma algebra and (Q2, ¥, P) be a proba-
bility space, where Q) denotes the sample space, ¥ is the set of the events and P
corresponds to the mapping, which assigns probabilities to the events. Based on the

aforementioned notation, we first give a formal definition of a PP.

Definition 2.1 (Point Process). A PP ® = {x;,x,, -} C RY is a measurable mapping from

a probability space (Q3, F,IP) to (N, N), i.e.
D:Q - N (2.3)

The definition is referred from [46] and informally describes a PP as a random
variable, which takes values from the set of simple and finite sequences %t on R”.
The average number of the random variables x; € ® included in a subset B C R,

represents the intensity measure of the PP, and is defined as follows.
Definition 2.2 (Intensity Measure). The intensity measure A of a PP @ is defined as
A(B) =E[N(B)], VYBcCRRY (2.4)

and if @ is stationary, the density of the PP ®, is given by

EIN®)]
e

where |B| represents the area of B C IR, which contains only a finite number of points.
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It can be easily observed that, the density does not depend on the particular
choice of the set B. In addition, the stationarity of the PP implies that the density is
constant in the entire d-dimensional space R“.

In the context of stochastic geometry, there are several basic yet important PPs,
however, the most well-studied and most widely used PP is the PPP. Its importance
mainly results from its convenient properties as a mathematical model as well as
being mathematically interesting [36,45—47]. Motivated by the accurate modeling of
real network developments, where the network’s nodes exhibit a repulsive behavior
in order to alleviate the interference or extend the coverage region, extensions to
non-Poisson models are considered. Specifically, the f-GPP, which is a type of
repulsive point process with analytical tractability, has been advocated to model
random phenomena where repulsion is observed [50,51,67,168]. In the following
sections, we introduce the formal definitions of the PPP and the -GPP, which are

extensively used in this thesis.

2.4.2 Poisson Point Process

In this section, we provide definitions and notations to formally define PPPs and
give their main characteristics. Initially, the PPP may be defined, studied and used in
one dimension (on the real line) where it can be interpreted as a counting process or
part of a queuing model [46]; in higher dimensions such as the plane where it plays
a key role in the stochastic geometry and the spatial statistics [45—47]; or on more
abstract mathematical spaces [45]. The formal definition of a PPP referred from [46]

is stated as follows.

Definition 2.3 (Poisson Point Process). A PPP ® = {x;,x,,---} C R? with intensity

measure A is a PP such that:

e VB C IRY, N(B) has a Poisson distribution with mean A(B). If A admits a density A,

we may write

(f M)

T (2.5)

IP(N(B) = k) = exp (— LA(x)dx)

where A(x) denotes the density function of the PPP.

e If By,B,, -+, B, are disjoint bounded subregions of the underlying space, then the
number of the points in each bounded subregion, i.e. N(B1), N(B,),--- , N(B,,), will be
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completely independent to all the others. In other words, there is a lack of interaction
between the different regions and the points in general, which motivates the PPP being

sometimes called a “completely” random process.

Based on the Definition 2.3, many unique computational properties of the PPP
can be derived. Three commonly used properties for analyzing the achieved perfor-

mance of the cellular networks are provided as follows.

e Slivnyak’s theorem. For any point x € R? and an event E, the reduced Palm

distribution of a PP @ is defined as IP}, (E) = IP(®\{xo} € Elxy € ®).

Definition 2.4 (Slivnyak theorem). A PPP @ preserves its original distribution

under the reduced Palm distribution, which means
P! (E) = P(® € E),

if the PP @ is Poisson distributed.

An alternative view of the Slivnyak theorem is that the property observed by
a typical point xy of the PPP @, is the same as that observed by x in ® U {x},

which means

IP(® € Elxg € ®) =P(D + 6, € E),

where 0, is the Dirac measure at x.

e Laplace Functional. One of the key transformations in the wireless network
modeling and analysis with the stochastic geometry is the Laplace functional.
This is because by using the Laplac e functional, the aggregate interference

distribution can be uniquely defined.

Definition 2.5 (Laplace Functional). For any non-negative function f(x) on R?,

the Laplace functional of a PPP ® with intensity measure A(x) is defined as

E [exp (— I f(x)@(dx))] ~ exp (— | a-exp=ro A(dx)).

In the context of wireless communications, the non-negative measurable func-

tion f(x), represents the aggregate interference observed at a receiver.
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e Probability Generating Functional. Another important property for the anal-
ysis with the use of stochastic geometry is the calculation of the probability

generating functional (PGFL) of a PP @ = {x : x € R%}, that is defined as

Glul = E [H u(x)] :

xed

where u(x) : RY — [0, oo].

Definition 2.6 (Probability Generating Functional). The PGFL of a PPP @ with

intensity measure A(x), is equal to

Glul = exp [— fR a- u(x))A(dx)],

where u(x) : R? — [0, oo] is a real value function. If the PPP is stationary, then the

PGFL, can be re-written as
Glu] = exp [—/\ f (1 - u(x)) dx] .
R4

It proves particularly useful to evaluate the Laplace functional of the sum

Y req f(x) using the PGFL as

wol-Z 1)

xed®

E =E

[Jew (—f(x))] = Glexp(~f()],

xe®

which typically appears in the analysis of the aggregate interference.

To develop suitable models for analyzing the network deployments with the
aid of PPPs and by using the stochastic geometry, there is a number of useful
transformations that can be performed on the PPPs. In the following sections,

we briefly introduce the basic PPP transformations that are appeared in this thesis.

Displacement

Firstly, we consider the displacement transformation of a PP. Let a PP ® c R
Consider that the points of the PP ®, are displaced by a random translation vector

V., creating a transformed PP, denoted by @', which is given by
Q' ={xed:x+V,}.

When the displacement transformation is applied to a PPP, the resulting process is

again a PPP.
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Definition 2.7 (Displacement). Let a PPP ® c RY with density A(x). If all points are
independently displaced such that the distribution of the displaced location of a point at x
has probability density p(x, ), the displaced points form a PPP @ with density

V) = [ M@t vy
R4
For the case where A(x) = A and p(x, y) is a function only of y — x, then A'(x) = A.

The displacement theorem shows that the PPP is persistent, in the sense that
independent displacements preserve the PPP characteristics, which makes it an

attractive model when nodes in a wireless network move around independently.

Thinning Transformation

Another important transformation in the context of stochastic geometry, is the thin-
ning transformation. In general, the thinning transformation is the process of remov-
ing certain points from a PP, usually according to a probabilistic rule ¢ : R? — [0, 1].
If the removal event is independent for all points, the thinning transformation is

called independent.

Definition 2.8 (Thinning). Let ¢ : R? — [0, 1] be a thinning function and apply it to a
stationary PPP @ by deleting each point x with probability 1 — g(x), independently of all
the other points. This thinning procedure generates an inhomogeneous PPP @’ with density
that is equal to

A (x) = Ag(x). (2.6)

Mapping Transformation

Another transformation that is considered useful for the analysis of the wireless
networks is the mapping transformation. Specifically, the mapping transformation
expresses the ability to map each point of the process to another point, possibly in
a space of different dimension. When applied to a PPP, the resulting process is still

Poisson in many cases.

Definition 2.9 (Mapping). Let ® be a PPP on the d-dimensional space R? with intensity
measure A(B) and density A(x), and let f : R? — R® be a measurable function with the
property that A ( f ‘1(y)) =0, Yy € R®, such that f does not shrink a non-singleton set to a
singleton. Then, the resulting PP ®@" = f(®) has intensity measure given by

NB)=A(f'(B)) = ff o AMx)dx, VB CR, (2.7)
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where f~'(B’) represents the pre-image of the B’.

Superposition operation

Finally, the superposition operation is used to combine two or more PPs together

onto one underlying mathematical space.

Definition 2.10 (Superposition). Let a countable set of PPs @1, ®,,--- , Dy with their

corresponding densities A1, Ay, -+ -, Agc. The superposition of these PPs is defined as

K
qazkgqak,

and is also forms a PP.

In other words, any points located in any of the PPs ®; will also be located in
the superposition of these PPs @. In the case where each @y is a PPP, the complete
independence offered by such PPs leads to some useful characteristics and results
for the superposition property. Specifically, the superposition of the PPPs @;, where
i=1{1,2,---,K} and with densities A;, is another PPP that is defined as

with density

Based on the aforementioned, the PPP-based models for the spatial distribution
of the wireless cellular networks often give tractable results. Nevertheless, the
PPP-based models may still not be appropriate for realistic network layouts, where
clusters or voids of points can be exist. Although there is a rich range of possible
PPs, the majority of them unfortunately lack the necessary properties that make
them tractable, which partly explains why the clear majority of network models are
based on the PPP. Consequently, for the modeling and analysis of repulsive wireless
networks with efficient tractability, we confine ourselves in adopting determinantal

PPs.

2.4.3 p-Ginibre Point Process

The most tractable determinantal PP is arguably the Ginibre PP, often abbreviated

as GPP, which induces a repulsion between points. This repulsion is interpreted by
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the probability density to place points. In fact, the probability to draw a point at
the same position of an already drawn point is zero. This probability increases by
increasing the distance from every existing points.

Let C denotes the complex plane and z;,z, € R. We denote by z the complex
conjugate of a complex number z = z; + jz,, i.e. Z = z; — jz,, where j = V-1, and
by [z| = \/Z%TZ% the modulus. Consider a Borel set S ¢ RY. For any function
K:5xS — C, let [K](xy,- - ,x,) be the n X n matrix with (i, j)-th entry K(x;, x;), and
det A be the determinant of a squared matrix A [51]. The product density functions
of a GPP, are given by

0"xr, -+, x) = det[K](xr, -+, x), (2.8)

where the kernel function K is the Gaussian kernel, that is given by

K(x,y) =" exp (—M) exp(-x7), xyeC,
with respect to the Lebesgue measure on C. The expression 2.8 highlights that
0"(x1, -+ ,x,) = 0when x; = x; for i # j, which reflects the repulsiveness of a GPP. It
also follows that IE [®(B)] = fB oD (x)dx = 7|B|, that is, the density of the GPP is t~".
Furthermore, based on 2.8, the second moment density Q(z)(x, y) of the GPP, is given
by

0D(x,y)=n"? (1 —exp (—Ix —~ ylz)) ,

where it is observed that ¢?(x, y) only depends on |x — y|, illustrating the motion
invariant and repulsive properties of the GPPs.

The standard GPP can be generalized to the f-GPP using independent thinning
and rescaling. A B-GPP, where 0 < g < 1, is constructed from a GPP by retaining,
independently and with probability 8, each point of the GPP and then applies an
homothety of ratio \/B to the remaining points. As f — 0, the f-GPP converges
weakly to the PPP of intensity 1~!. Hence, the parameter  can be used to smoothly
interpolate between the standard GPP (or 1-GPP) and the PPP.

Regarding modeling network layouts with arbitraty densities A = crt™!, the B-GPP
can be scaled, which results in the scaled kernel

K(x,y) = ctexp (—W) exp (— (%) xy) , x,y€C,

with respect to the Lebesgue measure on C. The following Proposition states a key

result that makes the f-GPP relatively tractable [169].
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Proposition 2.1. Let ® = {X;}, where i € IN*, be a scaled -GPP. For k € IN*, let By be a
random variable with propability density
e (5)

()i
where By ~ I'(k, B/c), with B; independent of Bj, if i # j, and I'[k] represents the gamma
function, i.e. T[] = fooo xk1exp(—x)dx. Then the set {|Xi|*};cn+ has the same distribution

f (%) =

as the set B obtained by retaining from {By)ien+ each By with probability f independently of

everything else.

NI

Therefore, the term ||x||™ can be represented as El_ = B;%Ei, where {Z;}ien+ 1S
the set of discrete random variables, such that P(E; =1) = fand P(E; =0) =1 - 8.
Regarding the scenario of the 1-GPP, the set of square distances is distributed like a
set of independent gamma random variables. For < 1, some of the gamma random
variables need to be removed. The Palm measure (at the origin) satisfies a similar

property, which is stated in the following Proposition.

Proposition 2.2. The Palm measure of a scaled p-GPP @ is the law of the PP obtained by
adding the origin to @ and removing the point x, where |x|* = By (which only exists with

probability B).

It is important to note here that, if the point x with |x[* = B; has been eliminated
from @, then no point is removed. This is consistent with the fact thatas § — 0, the -
GPP converges to a PPP, because in this case, the point whose modulus corresponds
to B; is not present in the GPP with high probability, hence the only difference of the
Palm measure is the point at the origin.

In the rest of this chapter, we introduce the baseline system model that is adopted
throughout the thesis, with slight modifications that are detailed in each chapter

according to the considered network setup.

2.4.4 Topology Model

The network is studied from a large-scale point of view using stochastic geome-
try. We consider a heterogeneous cellular network composed by K = {1,...,K}
network tiers. The BSs belonging to the k-th tier are modeled as a two-dimensional
homogeneous PPP @, with spatial density A, BS/m? and transmission power Py. Fur-
thermore, the locations of the users follow an arbitrary independent point process

®, with spatial density A, > } i cq Ak
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2.4.5 Channel Model

All wireless signals are assumed to experience both large-scale path-loss and small-
scale fading effects. It is important to mention here that, we adopt an accurate
and general small-scale fading model for the mmWave environments, which is
the Nakagami-v fading, where different links are assumed to be independent and
identically distributed. Different parameters of Nakagami fading v, and vy are
assumed for the LoS and the NLoS links. Hence, the power of the channel fading
depends on the link’s status, ¢ € {L, N}, and is a normalized Gamma random variable
with shape parameter v, and scale parameter 1/v,. We also consider the scenario
where v, = 1, which corresponds to a simpler channel model. For this case, the
channel fading is modeled by Rayleigh fading with unitaverage power and therefore,
the power of the channel fading is an exponential random variable with unit mean,
i,e. h ~ exp(l). For the large-scale path-loss, we assume an unbounded singular
path-loss model, L(X, Y) =X — Y||™ which assumes that the received power decays
with the distance between the transmitter located at X and the receiver located
at Y, where a > 2 denotes the path-loss exponent. For simplicity, we denote as
Lo(X) = |IX|I™* the path-loss between the transmitter located at X and the receiver

located at the origin.

2.4.6 Sectorised Antenna Model

We assume the employment of multiple transmit/receive antennas at both the BSs
and the users. To simplify the analysis, we make use of the approximation of an
actual beam pattern using a sectorized model. Both the transmit and receive beam
patterns are parameterized by three values: main lobe beamwidth 6 € [0, 2n], main
lobe gain M, and side lobe gain m [113]. The gain of an interference link seen by the

user, is a discrete random variable described by

Q* with probability po: = (%)2,
G =4{Qq with probability pg, = 2 (%) (ﬂ)’ (2.9)
with probability p,. = (ﬂ)z,

Tt

2

q

where pg is the probability of a link to have gain equal to G = {Q? Qqg,4*}. We

assume that perfect beam alignment can be achieved between each user and its
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serving BS using the estimated angles of arrival, resulting in an antenna array gain

of Q?, denoted by G.

2.4.7 Blockages Model

A link can be either LoS or NLoS, depending on whether the BS is visible to the
user or not. In particular, a transmitter is considered LoS by a receiver, if and only
if their communication link of length R is unobstructed by blockages. Under such a
scenario, it was shown that the LoS probability function #; (R) of a communication

link of length R, is given by [133]
Pr(R) = P[LoS] = exp(—pR), (2.10)

where f is a non-negative blockage constant that models the blockage density and
their characteristics [133]. Under the assumption that the BSs are modeled as points
of a homogeneous PPP @, and that the events of the BS-to-user links are either in
LoS or NLoS independently, the PPP @, can be partitioned into two independent
and non-homogeneous PPPs i.e., ®; and @}, such that @, = ® U®D}. Specifically, for
each network tier ke K, a PPP q)k with inhomogeneous density )\k(r) = Arexp (—pr)
is formed. This originates from the thinning property of the PPPs as we previously
discussed in Chapter 2.4.2. The LoS and NLoS links have different path-loss expo-
nents, a;, and ay, respectively, and are the same for all network tiers. Hence, the
path-loss exponent a(r) for the link between a BS located at distance r from a user, is
modeled as a discrete random variable described by

a;,  with probability £,
a(r) = (2.11)

an with probability Py =1 -1,

where P is given by expression (2.10).
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Chapter 3

Low-complexity base station selection

scheme in mmWave cellular networks

In this chapter, we study the performance of HetNet-mmWave cellular networks in
the context of a low coordination complexity BS selection scheme. The proposed
scheme allows the user to communicate with the BS that provides the maximum
SINR from a set formed according to a pre-selection policy. We consider three
pre-selection policies based on: 1) the Euclidean distance, 2) the averaged received
power, and 3) a random selection. Moreover, we consider the case where the users
have the ability to employ the SIC scheme. By using stochastic geometry tools,

analytical expressions for the coverage performance are derived for each policy.

3.1 Motivation and Contributions

The wireless industry is currently facing the barrier of limited available spectrum
for commercial cellular systems and an increasing demand of data traffic. Asa con-
sequence, the research community is directing significant efforts towards advanced
communication techniques for the next-generation networks, such as the HetNets
and the mmWave communications.

However, the HetNet-mmWave cellular networks have fundamental differences
with the current sub-6 GHz cellular networks in terms of the propagation losses
and the interference. This leads to the investigation of novel communications tech-
niques in order to address these issues and to fully exploit the benefits of the HetNet-

mmWave cellular networks. Throughout the literature, many innovating techniques
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were investigated such as the CoMP, the beamforming and the SIC, which can be
enable Gb/s-level access speeds with less spectrum usage and lower power consump-
tion. On the other hand, the CoMP technique demands high computational resources
for synchronization, channel estimation and data traffic. In contrast, our proposed
technique provides low coordination and implementation complexity without de-
priving in diversity gain compared to the CoMP technique.

In this chapter, we study the DL performance of a HetNet-mmWave cellular
network where antenna directionality is employed. We adopt a system-level point
of view by taking into account both BS and blockage spatial randomness. We

summarize our contributions as follows.

e We propose a BS selection scheme that is based on a two-level procedure: in the
first-level, a set of “candidate” BSs is defined and at the second-level, the user
selects from this set the BS which provides the highest SINR. The proposed
two-level BS selection technique reduces the signaling and thus is attractive

for practical and low-coordination implementations.

e Weevaluate the achieved performance of our proposed technique in the context
of two popular and well investigated BS selection policies. Specifically, the pre-
selection is based either on the Euclidean distance or the averaged received
signal power. For comparison purposes, we also investigate our proposed

technique with a random BS selection policy.

e We investigate the employment of an ideal SIC technique for the DL in the
HetNet-mmWave cellular networks to further emphasize the achieved net-
work performance using the proposed technique. With the intention to keep
low computational complexity, we assume that the user eliminates only its
dominant interferer without depriving from the network to achieve better cov-

erage performance.

e Finally, analytical and asymptotic expressions are derived for the coverage
probability for each pre-selection policy by employing Nakagami fading. In
addition, analytical expressions of the coverage probability for the case where
the users have the ability to perform SIC are also provided for the scenarios
considered. These closed-form expressions provide a quick and convenient

methodology of evaluating the system’s performance and obtaining insights
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into how key system parameters affect the performance.

3.2 System Model

Recall that, we consider a heterogeneous cellular network composed by K network
tiers of BSs. We assume the BSs are connected by an ideal backhaul network, which
provides the ability to the BSs from different tiers to cooperate and jointly transmit
data to a user [113]. Each network tier k € {1,...,K} of BSs is modeled by a two-
dimensional homogeneous PPP @, with density Ay and transmission power Py.

The operation of the considered HetNets in the mmWave frequencies, necessi-
tates the incorporation of the key features of the mmWave communications into
the proposed framework. Initially, we assume the employment of multiple trans-
mit/receive antennas at both the BSs and the users, with which adaptive directional
beamforming is achieved at each terminal (BS or user). Specifically, we approxi-
mate the actual beam pattern by a sectorized model as proposed in [113] and as
we previously discussed in Section 2.4. Moreover, the impact of blockages on the
network performance is incorporated in the proposed framework. In particular, as
we previously discussed in Section 2.4, we assume that a link can be either LoS or
NLoS, based on a LoS probability function that is given by $ = exp(—pr). Thus,
each PPP @y is divided into two independent and non-homogeneous PPPs i.e., CD,E
and @Y, with densities A;(r) = A4PL and AN (r) = Ax(1 — PL), respectively.

In terms of the channel modeling, we assume independent Nakagami fading for
each link. Different parameters of Nakagami fading v; and vy are assumed for LoS
and NLoS links and so the power of the channel fading depending on the link’s
status, ¢ € {L, N}, is a normalized Gamma random variable with shape parameter v,
and scale parameter 1/v,. Furthermore, we assume all wireless links exhibit additive

white Gaussian noise with zero mean and variance o?.

3.3 BS Selection Technique

Our proposed BS selection (BSS) scheme is based on a two-level procedure. In
the first-level phase, a set of K “candidate” BSs is formed based on the adopted
pre-selection policy, without taking into consideration the fading channel factor.

Specifically, according to the rules of the adopted pre-selection policy, from each

43



network tier k € {1, ..., K}, a single BS is selected. The set defined by the pre-selected
BSs from all network tiers, represents the set of BSs with which the user is able to
communicate, C C UkK:1 d. At the second-level phase, the user selects from the
K “candidate” BSs, the one which provides the highest SINR, while the rest of the
“candidate” BSs are ignored. Due to the pre-selection of the K “candidate” BS, our
proposed selection scheme requires channel estimation for only K links instead of
Y, sz1 Ny links, where Ny is a Poisson random variable denoting the number of BSs in

the k-th tier.

For comparison purposes, a conventional cooperative scheme, namely the co-
ordinated multi-point (CoMP) technique, where an ideal backhaul network allows
a set of randomly located BSs to cooperate and jointly transmit data, is consid-
ered. Then, the typical user combines the individual received signals by employing
the maximum-ratio combining method, which is the optimum combiner for inde-
pendent additive white Gaussian noise channels. Therefore, the low coordination
complexity of the proposed technique stems from the fact that users connect to
a single BS, opposed to the jointly BS transmission technique of the conventional
CoMP technique, that demands higher computation and coordination complexity.
This is where the novelty of our proposed technique is highlighted. Particularly, by
applying the proposed technique, the coordination of implementing BS cooperation

in the HetNet-mmWave cellular networks can be significantly decreased.

3.3.1 Closest LoS pre-selection policy (CS)

As a first pre-selection policy, we consider the case where the set of “candidate” BSs,
consists of the closest LoS BS from each network tier; Fig. 3.1a schematically depicts
the CS policy. This policy requires an a priori knowledge of the location of the BSs,
which can be obtained by monitoring the location of the BSs through a low-rate
teedback channel or by a global positioning system mechanism. The CS policy does
not take into account the instantaneous fading resulting in a low implementation
complexity, specifically for scenarios with low mobility. In this case, the set Ccs is

defined as

Ccs = {u; D U = argmax rlke{l,...,K},r, € CDL}. (3.1)

uedy
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(a) CS Policy (b) SS Policy (c) RS Policy

Figure 3.1: The three considered pre-selection policies.

3.3.2 Strongest pre-selection policy (SS)

For the second pre-selection policy, we consider the case where the set of “candidate”
BSs, consists of the BS that provides the strongest RSS from each network tier; Fig.
3.1b schematically depicts the SS policy. Along with the information regarding the
BS location, the SS policy also requires the transmit power of the BSs, which can be
obtained through a low-rate feedback channel. This case is applicable to wireless
networks, where the users keep a list of the neighboring BSs with the strongest RSS
to initiate handoff requests. We define the set of “candidate” BSs for this policy as

P
Css = {uk D U, = argmax %,k e{1,. ..,K}}. (3.2)
uedy TZT"

Note that in the case where the transmit power of the BSs of all tiers is the same, the

SS policy selects the BSs with the smallest path loss from each network tier k.

3.3.3 Random pre-selection policy (RS)

For comparison reasons, for the final pre-selection policy, we consider the case where
the set of “candidate” BSs, consists of a randomly selected BS that is located inside a
disk of radius R around its associated user, from each network tier k; Fig. 3.1c depicts
the RS policy. The pre-selection of a random BS from the k-th tier is independent of
whether the communication link with its associated user is LoS or NLoS. In the case
where there is not any available BS inside the disk of radius R, the user is in outage.
The absence of need for feedback on the location of the BSs, corresponds to a low
implementation complexity approach, which is suitable for the networks with strict

power/bandwidth constraints. In this case, the set Cgs is defined as
Crs = {u, 11y <Rk €fl,...,K}}. (3.3)
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3.3.4 Implementation issues

In this subsection, the potential implementation of the proposed two-level BS selec-
tion scheme in the context of the next-generation networks is discussed. Towards
this direction, we assume a centralized controller, which takes as input the signal
strength of the links between the BSs and the users and implements the proposed
selection schemes. This is in line with the C-RAN architecture proposed for the
5G mobile communication systems, where the BSs functionalities from the physi-
cal layer to the higher layers are managed by a centralized logic (cloud) [74]. On
the other hand, channel estimation in the 5G communication systems exploits the
time division duplex reciprocity and is performed in the UL through orthogonal
pilots signals. It is worth noting that techniques for estimating the direction of
arrival, such as the codebook-based beamforming protocol, the multiple signal clas-
sification (MUSIC) or the estimation of signal parameters via rotational invariance
techniques [21, Ch. 3], are also used to estimate the beamforming gain. Therefore,
the required information (i.e., strength of the links, beamforming gain) is obtained
by using the pilot signals. This information is collected and measured by the BSs
(i.e., remote radio heads in C-RAN) and is communicated to centralized unit through

a fronthaul network.

3.4 Performance Analysis

In this section, we analyze the SINR distribution for the DL of a HetNet-mmWave
cellular network, where the terminals employ sectorized antennas in the presence
of blockages. We first characterize the overall SINR complimentary cumulative
distribution function (ccdf) by analyzing the network when the desired link is either
LoS and NLoS and finally we quantify the effect of random distances. Without loss
of generality and following Slivnyak’s theorem [46], we execute the analysis for a
typical user located at the origin but the results hold for all users of the network.
Using the proposed two-level BSS technique, the network performance of each policy
is derived analytically by using stochastic geometry. Finally, we analytically derive
the diversity gain achieved with the SS policy, while the derived result applies for
all pre-selection policies.

Let SINRy, represent the achieved instantaneous SINR when the user communi-
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cates with its pre-selected BS from the k-th tier, written as

o)
G()P KV« k hu*
uy, k

SINR; = ————

where I = YK ¥ Yooy GPihvir;ia(rv") is the total received interfering power from all
the active BSs in the i-th tier where Y C Ule D \C; and hu; is the channel fading
between the user and its pre-selected BS, u; from the k-th tier. By using the proposed
technique, the controller selects the BS from the set of “candidate” BSs, that provides
the maximum SINR i.e., SINR" = max {SINRy}, where k € {1,...,K}. The coverage
probability #*(T) at the user is the probability that the maximum SINR is greater
than a predefined threshold T and is given by #*(T) = P[SINR" > T]. Therefore,

with uncorrelated branches, the conditional density function (cdf) of SINR" is
K

K
P[SINR" < T] = H P[SINR; < T] = H (1-7u1), (3.5)

= k=1
where #;(T) denotes the coverage probability of the user communicating with its

pre-selected BS from the k-th tier. The link’s status ¢, between each user and its
associated BS can be either LoS or NLoS. Hence, for a fixed distance Tuts between
the user and its associated BS, we can use the law of total probability to expand the

SINR ccdf as
PUT Irg)= Y PPUTIE 1), (3.6)

(e(L, N}
where P/(T | £, r,;) is the achieved coverage probability of a user connecting with BS

u; from the tier k and with link status ¢ € {L, N} and #; expresses the probability that
the link has status {. By unconditioning on r;:, the achieved coverage probability
from network tier k is written as

Pi(T) = f Y. PP(T I 1) f5r ) Oy, (3.7)

0<r << e[, N}

where fql?(r | £) denotes the joint distribution of r = {ru;, e, ru;(} for the pre-selection
policy IT € {CS, SS, RS}, given the status of the communication link is £ € {L, N}.
Based on the above, in the following subsections, we provide the coverage prob-

ability for each pre-selection policy.

3.4.1 CS policy

For the CS policy, the closest LoS BSs from each tier are pre-selected. Therefore, the

following lemma provides the density of each tier together with the joint distance
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distribution when the CS policy is employed.
Lemma 3.1. When the CS policy is employed, the density of the i-th tier, is given by
ASS(r | L) = 2rA;r exp(—pr), (3.8)

and the joint distance distribution between the user and its pre-selected BSs, is given by

2mh; L(1—exp (~Br ) (1 + pro; )) (3.9)

K
S

(r|L) = | | 21A 7, ex (— Ty —
D o1 i p ﬁ i ‘82

Proof. Based on the thinning property as it is previously discussed in Section 2.4.2,
the density of the LoS BS from the k-th tier is given by the density of the homogeneous
PPP @y, which is equal to Ax(r) = 2rA,r, multiplied with the LoS probability ;. =
exp(—pr). Therefore, following the expression (2.7), the intensity measure of the LoS

BSs is equal to
Ar) = S5 (1= exp(-p(1+ ).

Hence, based on the Poisson random variable definition given by the expression
(2.5), the distribution of the distance R to the closest LoS BS and the probability

density function (pdf) of R, are given by

P[R > r] = exp( (1 —exp(—pr)(1 + ﬁr)))

52
and

fo(r) = 2mAr exp( pr— ? (1 —exp(=pr)(1 + ﬁr)))
respectively. The distance distributions are the same for all network tiers, since the
network tiers are mutually independent. Therefore, fo,(rx) represents the distance

distribution of the k-th tier, the joint distance distribution is given by the product of

the distance distributions of all the network tiers. m|

By using the above lemma, the following theorem provides the coverage proba-

bility achieved by the CS policy.

Theorem 3.1. The coverage probability achieved when the CS policy is employed, is given
by

P(T) <1-H i( 1)'5“(”) f f exp sLo 1:1 (sL)fs (r | Lydr |, (3.10)

0<r,* < <00
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where f55(r | L) is given by (3.9), and

£ * sy GPo=\™""
— LYl CS
Li(sp) = !le |G| exp [—Pc LT (1 - (1 + T) )Ai (v|L) dv], (3.11)

where G € {Q?,Qq,9%), sL = WL;Z ;= v ()™ and ASS (v | L) is given by (3.8).
Proof. Using the proposed BSS technique as described before, the instantaneous
coverage probability of the user where the link’s status with its associated BS is ¢, is
given by

TW
GoPr

—a;
Gop khuz 1"u*

k >T

— % >Tl=1-P
o2+1

PUTIC, 1) = P hy; <

£ (o2 + 1)} (3.12)

where hu; is a gamma distributed random variable with parameter v,. To overcome
the difficulty on Nakagami fading, Alzer’s Lemma [170] on the ccdf of a gamma
random variable with integer parameter can be applied. This relates the cdf of a
gamma random variable into a weighted sum of the cdfd of exponential random

variables. Hence, we can bound expression (3.12) as

ngTVii v
1—exp|- Gopkk (0*+1)

ve neETT
= Z(_l)éﬂ(vg)]]il exp[ e (a +I)]
&=1

GoPy
where expression (3.13) is derived with the use of Alzer’s Lemma [170] and 7, =

Pi(TIC 1) <1-E,

(3.13)

ve(ve!)™Ve. Leveraging tools from stochastic geometry, namely the superposition
theorem and the thinning theorem (see Section 2.4.2), the aggregate interference

observed by the user can be described as

where [; (v | G, {) represents the interference caused by the BSs that are in £ € {L, N}
with the user, have link gain G € {Q? Qg, 4°} and belong in the i-th tier. Hence, the

expression (3.13) can be re-written as

P, (T, 7.c) <Z( 1)9“(”)15[1_[1_[ lexp (=sc(e* + L (IG, 0))],  (3.14)
=1 G

It can be easily observed that, each expectation forms the Laplace transform of the
¢ éTr
£ and each of these

associated sub-PPP (Section 2.4.2), L;(s¢ | G,{) where s, =
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Laplace transforms are multiplied together. Therefore, (3.14) can be rewritten as,

PUT| L, ru)<Z( 15“( )exp —s.0%) ﬁHHLL.(SgIG,f), (3.15)
i=1 4

Using stochastic geometry tools, and specifically the probability generating func-
tional of a PPP (see Section 2.4.2), we can analytically represent the Laplace transform

for the interference I; of the associated sub-PPP as
L (s¢ |G, €) =exp (—pcf (1 — Ej [exp (—s,GP:hv™)]) Ai'(v | O)dv |, (3.16)

where for the considered pre-selection policy IT € {CS,SS,RS}, A'(v | £) denotes the
density of the BSs of which the link with the user is in a status ¢ and E,[exp(—xh)]
corresponds to the moment generating functional of the gamma random variable /
with integer parameter v, and is given by (1 + x)™". Thus, the Laplace interference
function of the associated sub-PPP is given as

L4(5¢1 G, 0) = exp (_pG f ) (1 (14 M)) | f)dv]. (3.17)

Ve

ut
i

Thus, the Laplace transform of interference function, is given by

K
Liso=[1]]] 116 0. (3.18)
i=1 ¢ G

Finally, by substituting the Laplace interference function, into the conditional cov-
erage probability expression (3.15); and by un-conditioning the derived expression

using the joint distance distribution (3.9), we conclude to the final expression. m|

The above expression provides a general result for the coverage probability when
the CS policy is applied. Even from this general expression, we can extract some
observations towards its behavior. Initially, we can easily observe that by increasing
the Nakagami parameter v;, the fading becomes less severe providing a better per-
formance. Moreover, it is clear that by increasing the number of tiers, we can further
boost the network performance due to the increase in diversity. In order to gain more
insight into the network’s performance, we make some additional assumptions in
order to further simplify the above expression. Firstly, we assume that the interfer-
ing links do not experience any fading. This assumption is based on the fact that
small-scale fading has a relatively minor impact in mmWave cellular networks [54].

Also, based on the nature of a mmWave signal, we assume a highly directional beam
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pattern with high main-lobe gain i.e., Q — oco. Finally, we consider the case of an
ultra-dense deployment of the BSs. We consider the two extreme cases that provide
the bounds of the network performance: i) Lower bound: all BSs are in NLoS with
the user ( — oo0) and ii) Upper bound: all BSs are in LoS with the user (f — 0).

Then, from these assumptions, we can state the following.

Remark: In an ultra-dense network, the coverage probability for the CS policy is

given by

(3.19)

P(T) <1- ﬁ (1 - 2 (D7)

k=1 1+ ETET |1 - 2]

ae

Zi:] /\iPl'
APy

where { =N for — oo, { =L forf — O0and 1, = VZ(W’!)_UW-

Proof. For the case where f — 0, the interference at the user is caused only by the
side-lobes of the BSs (since Q — o) and so the gain of the interfering links is 4* and
P2 =1, pe = poy = 0. Then, as we assume the interfering links do not experience

fading, the Laplace transform in (3.16) can be written as

271y _ = st P\ cs
Li(su g7, L) =exp|- 1—-exp e A7 (0| L)do|, (3.20)

ut
i

Now, for the case f — 0, we have AZ.CS(r | L) = 2rtA;r and so (3.20) is simplified to

o

, 2
Lli(squz, L) = exp (n)\i (rfﬁ + ;(qZPisL)E (F [—;] - F[ 2 o
i L

L

=, =
a.” P; 17’;':

nLET L
where s = TPkk’ ne = ve(ve!)™Hv and (3.21) follows from [171, 3.326.3]. Then, as
the network is ultra-dense, we can assume that the interference-free area around the

user is negligible i.e., r,, — 0. Hence, (3.21) can by further simplified to

L5112 L) = exp (—Tc(qZPl-sL)‘% AT [1 - 3]) (3.22)

av
which follows from the identities I'[1 — a] = —al'[—a] and lim,_,, I'[a,x] — 0. Thus,
by substituting the above expression to (3.10), (3.19) follows from [171, 3.326.2]. By
following similar steps, we can derive the network performance for the case where

ﬁ—>oo. O

From (3.19) we can easily obtain the same observations as before regarding the
number of tiers and the Nakagami parameter. However, from this simplified expres-

sion, we can also deduce that the achieved coverage performance increases with the
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transmit power of BSs Py, k € {1, ..., K} until a certain point. By further increasing the

K p2/ag,
i=1"

transmit power, the ratio ==5

— 1, thus the network performance converges to a
constant floor. This observation is due to the increasing interfering power faced by

the user which equalizes the desired received signal.

3.4.2 SS policy
(i)

L

Yk
Pt ed b, ke

We now consider the case where the SS policy is employed. Let W) =

{1,...,K}, denote the normalized path-loss between each BS in @, and its associated
user and let y = ril({r”" ) /Pi be the elements of W;. The normalized path-loss between
the user and its pre-selected BS from tier k is given by ;. Lety = (y},..., %), then
by the mapping theorem (See Section 2.4.2), Wy is a PPP with density A(y) and joint

distribution fy(y) which are given in the following lemma.

Lemma 3.2. When the SS policy is employed, the density of the tier i is given by

AS(|L) = @P.”_Lyﬂ%_1 exp (—ﬁ(Pi)/)”LL) and (3.23)
APy IN) = mP“NV 0 1(1 —exp (—ﬁ(PW)“LN)), (3.24)

and the joint distance distributions between the user and its pre-selected BSs are given by

7010 = [ 220 0 exp s )

i= aL
27tA;
p
2nA;

an

X expl|—

(1 _exp (—5(piy;)i)(1 ; ﬁ(pz-y;)%))), (3.25)

fo(yIN) =

g” |N

”N P ()" (1 —exp (—ﬁ(PW?)“LN))

exp APy - 2L (1-exp (—ﬁ(Pw:)fw)(l+ﬁ<Piy:>*N)))' (326)

Proof. The process W = US_ W, is a non-homogeneous PPP with density A(y) =
Y Ak(y). Using the transformation r = (yP;)"/ and the mapping theorem, the

intensity measure of each network tier k € {1,..., K} for LoS and NLoS BSs are given

by

(P
A ([0, (yPy™] | L) = f 2mAx exp(—px)dx
0
_ 271Ak
-

(1 - exp (=OrPYY™) (1+ BGPY™)),
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and

(PN
Ac([0, (yP)"'™] | N) = f 21tAxx(1 — exp(—pBx))dx
0

= muyPy - T2 (1 exp (poPo ) (1 0P,

respectively. Then, /'\k((yPk)“lflf) = dAg ([0, (yPk)#]lf) /dy where ¢ € {L, N}, gives the
density of the BSs. Therefore, the distance distribution of the tier k is given by

Fu((PPY™) = Ad(yPOY™) exp (—Axl0, (yPO)Y™1), (3.27)

and the joint distance distribution is given by the product of the individual distance

distributions due to the independence of the tiers. m|

Following a similar methodology as for the CS policy, the Laplace transform for

the interference I; of the BSs that belong in network tier i, can be written as

Li(s|G,0) =exp (_PG f°° (1 -E, [exp (—SgGhU_l)]) AS(@| O)do|, (3.28)
y

i

UAibry e = ve(ve)) V" and A%5(v | €) denotes the density of the BSs of which

where s, = &

the link with the user has status ¢ € {L, N}. Now, using the moment-generating
function (mgf) of the Gamma random variable & as before, the above expression is

given by

L(51G,0) = exp (—pG f ) (1 - (1 + Sfﬁj_l)_ ) AS5(o | f)dv]. (3.29)
.

We can now state the following theorem which provides an the coverage probability

achieved by the SS policy.

Theorem 3.2. The coverage probability achieved when the SS policy is employed, is given
by

K

P(T)<1- H (1 - i(—l)éﬂ(?) f - f exp (-s.0%) Li(sL) fg (v | L)dy
&=1

k=1 0<y; <yf<-<oo

—i(—l)éﬂ(vg) f f exp(—sNaz)z:I(sN>f$5<y|N>dy), (3.30)
&=1

O<y; <y;<~~-<oo

where fo°(y | L) and f3(y | N) are given by (3.25) and (3.26), respectively,

K (o) 1\ Ve
Li(sy) = H H H exp (—pc f * (1 - (1 + %) )A?S(v | f)dv], (3.31)
i=1 ¢ G Vi
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K 00 —1\ V¢
L =[] ]ee (—pg f (1 _ (1 + Sfo 1) )A?S(v | f)dv), (3.32)
j £ G Vi

ne€Tyy
Go

where G € {Q?,Qq,q%), € € {L,N}, s, = , e = ve(ve) ™V and A2(v | €) is given by

Lemma 3.2.

Proof. The proof follows similar methodology as previously described for the CS
scenario, but using the Laplace transform of interference function obtained by the
multiplication of the associated sub-PPPs that are given by the expression in (3.29).

O

The expression in (3.30) provides a general result for the coverage probability
when the SS policy is applied. Even from this general expression, we can extract
some observations towards its behavior. We can easily observe the positive impact of
the number of network tiers and the Nakagami parameter on the network’s coverage
probability. In order to gain more insight into the network’s performance, we make
similar assumptions as with the case of CS policy in order to further simplify the
above expression. We consider the two extreme cases that provide the bounds of the
network performance: i) Lower bound: all BSs are in NLoS with the user (f — o)
and ii) Upper bound: all BSs are in LoS with the user (8 — 0). Then, from these

assumptions, we can state the following.

Remark: In an ultra-dense network, the coverage probability for the SS policy is

given by
P(T) < 1- ﬁ[1 i( 1)5“(”;)
1 é=1
><f...fnexp[—mi(’?é’ifg;w) [ ])f (),gdy] (3.33)
0 0 k=1 '

where ¢ =N for  — oo, £ =L for § — 0 and 1, = ve(v!)~/e.

Proof. The proof follows similar steps as for the Remark 3.4.1. m|

From (3.33), we can easily the same observations as before regarding the number
of tiers and the Nakagami parameter. However, from this simplified expression, we
can also deduce that the coverage threshold is inversely proportional to the network

performance.
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Aiming to measure the reliability of the wireless communication scheme under
fading, we study the achieved diversity by employing the SS policy. The standard
definition of the diversity is based on the high SINR analysis. For the special case
where the Nakagami-m parameters for both LoS and NLoS communication links are
assumed equal to v, = vy = 1, in the following Remark we derive the diversity order
by considering the SS pre-selection policy for the special case where Rayleigh fading
is adopted.

Diversity Gain The numerator of (3.4) is an independent exponentially distributed

random variable with probability density function & exp (=&kx), x > 0 with & = ﬁ
k

By letting I’ = I + 02, the outage probability is given by

K K
IP[SINR® < T] = H P[SINR; < T] = H P [Goyjhy; < TI']
k=1 k=1
K
k=1

T K 1
E,: 1 [f Exexp (—&xx) dxl =TK H E,. 1 |I’f Erexp (=&TT'z) dzl , (3.34)
0 1 0

which follows from the change of variable x = TI'z. At the high coverage regimei.e.,

T — 0, we have

1 1
I’f Ekexp(—ékTI’z)dZ~I’f &rdz.
0 0
As a result,

K
P[SINR® < T] ~ TX H E,. [I'&d. (3.35)

k=1
By substituting (3.35) into the expression for diversity order of interference-limited

networks, we have

K
1 E, [l
log(1-P(T) _|logT* 8 (kﬂl il | '5"])
750 log(T) 150 log T log T

= K, (3.36)

due to the fact that the second term of the equation for T — 0 converges to zero. As
a result, the diversity order of the proposed scheme when the user employs the SS

policy, is equal to K.

3.4.3 RS policy

The RS scheme randomly pre-selects a BS among the ones located within a disk of

radius R around the user. The user is in outage when the disk is empty or when the
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selected BS cannot support the target SINR threshold. By considering these events,

the coverage probability is given by the following theorem.

Lemma 3.3. When the RS policy is employed, the density of the tier i is given by
AR(r| L) = 2nArexp (—Br) and AR(r|N) =2nAr (1 —exp (—pr)), r <R,

and the joint distance distributions between the user and its pre-selected BSs, are given by

2 \¢ 1
gs(rlL)=(ﬁ) Hru; exp (—prv;), (3.37)

i=1

Kk K
f£s(r|N)=(%) [ 7 (1 -exp(=pr))- (3.38)

i=1
Proof. The BSs that belong in the disk of radius R around the user, are uniformly

distributed, thus creating a Mattern cluster process [46]. The density function of

those points is given by f(r) = Z and the result follows. O

Theorem 3.3. The coverage probability achieved when the RS policy is employed, is given
by

K

P(T) <1 — H (exp (—AkmR?) + (1 - exp (~AgmR?)) (1

k=1

—Z( 1)é+1(VL) f f exp SLO LI(SL)f};S(HL

0<r,* <r < <00

—Z( 1)5+1(VN) f f exp (—sno?) Li(sn) fy S(rlN)dr)) (3.39)

0<r,* <r < -<o0

where f35(r | L) and f3>(r | N) are given by (3.37) and (3.38), respectively,
K 00 —ap\ Ve
L) =[[[[Texr (—pg f (1 - (1 ; SLG%) )A?S(v | f)dv], (3.40)
i=1 ¢ G Tt ¢
and

i

Ly(sx) = ﬁ U 1;[ exp (— f ) (1 - (1 ; SNGf—;’N)) ARS(o| f)dv], (3.41)

where G € {Q% Qq, 4%}, s¢ = Wi?/;, € € (L, N}, n¢ = ve(ve!)™ " and AX5(v | €) is given by

Lemma 3.3.

Proof. The proof follows the same methodology as previously described for the CS
and SS policies, but with the density and joint distribution functions that correspond
to the RS policy. Furthermore, the case where the disk of radius R is empty needs to be

consider, so the probability of this event occurring is given by exp (—A,nR?) [46]. O
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3.5 Successive Interference Cancellation

In this section, we discuss the additional achieved gains on the network performance,
by exploiting the ability of the users to perform SIC. Even though SIC is characterized
by high computational demand, its application is considered as a special case aiming
for the further boost of the network performance. In order to maintain the complexity
at a lower level, we assume that the small-scale fading between the user and its
associated BS is modeled as Rayleigh fading. Thus, we assume that the Nakagami-m
parameters for LoS and NLoS communication links fulfill the expression vy, = vy = 1.
The main idea of SIC is to decode the dominant interference signals and subtract
them from the received signal, resulting in an increase of the observed SINR. We
assume that each user has the ability to implement an ideal SIC in accordance to [101].
However, extra decoding latency, proportional to the number of canceled signals, is
incurred for the entire SIC process. Therefore, the number of interferers that can be
canceled is assumed to be limited to N € IN in order to keep both the computational
complexity and power consumption at low levels.

At the beginning, the user attempts to decode the received signal without any
interference cancellation. If this attempt is unsuccessful, the user seeks to decode the
dominant interfering signal, subtract it from the received signal, and then re-attempt
to decode the resulting received signal. We assume that the order statistics of the
received interfering signal power do not depend on the fading and are determined
by the distances [166]. The received signal power at the user can be ordered as
{Xa), X@), ...} such that X; > X, with i < j where X, represent the received signal
from the j-th strongest interfering BS. The previous actions are repeated up to N times
until the received signal is decoded, while satisfying the constraint on the maximum
number of cancellations; otherwise, the user is considered to be in outage. Hence,

the transmission is successful as long as one of the following events is successful

0: (SINR(0) > T)

1: (SINR(0) < T) ﬂ( U :r) ﬂ(SINR(l) > T)

M+ o2 =

N-1 N
N: [ﬂ SINR(n) < T) ﬂ (ﬂ 1<rj<jf)az > T) ﬂ(SINR(N) >T), (3.42)
n=0 n=1

where SINR(n) represents the observed SINR from the user after the cancelation of
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the n-th strongest interfering signals and I” represents the aggregate interference
after the cancellation of the n-th strongest interfering BSs.

The first term in (3.42) represents the outage probability for decoding the received
signal, when the user cancels n—1 interferers, while the third term denotes the success
probability of decoding the received signal after n successful cancellations. Finally,
the second term of (3.42) represents the event of successfully canceling the n-th
interferer.

For the study of the Laplace transform of the partially canceled interference

depending on the pre-selection policy, we state the following Lemma.

Lemma 3.4. The Laplace transform of the partially canceled interference function 1™ is
given by
K 00
s GPo™™
L) = ex (— f —— A% | L)dv), (3.43)
100 WL H 1;[ P{~Pc A

*(I/l,k) 1 + SLGPZ'Z)_”L

for the CS policy,

K
« sGo!
so=T[TTee(r [ Fieiteion). e
j G n

K 00
sGP;vu~%
o =TT [Tew (e [ rtmmiteion), o
B ¢ G 1

for the RS policy, where G € {Q?,Qq,9%), s = {s, sn} = {%?’*‘, %} takes values depend-

ing on whether the direct link is LoS and NLoS, respectively; R*(n, k) = /Akin represents the
cancellation radius of the interference-free area around the user, which successfully canceled

R* (%) u(T“Z )

n interfering BSs from network tier k and V*(n, k) = —5

represents the normalised

path loss of the cancellation radius.

Proof. The proof follows similar steps as in the proof of Remark 3.4.1, where in this
case, we have different regions in which the interfering BSs exist. Specifically, the
observed interference originates from BSs which are located outside the interference-
free area around the user with cancellation radius R*(n, k). Hence, the lower limit
of the integral of the Laplace transform is defined by the cancellation radius of the

user. O

Firstly, we define the probability of successfully decoding the desired signal

by the user, after cancelling the n interferers. Given that n interferers have been
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canceled, the instantaneous coverage probability of the network tier k can be defined

as in the following Lemma.

Lemma 3.5. Given that n strongest interferers have been canceled, the successful coverage

performance, is given by

Pg(n,T)zl— ( f f exp —sg? .£Hn>(sL)fg(r|L)dr

0<r,* <r < -<o0

f f exp SG Ly, (5n)fo (r | N)dr |, (3.46)

O<ry» <r < <00

where fi'(r | €) is analysed in Lemma 3.2 and it depends on the pre-selection policy I1 €
{CS, SS, RS} and the link status € € {L, N}, s; = nLé?/’: , SN = 'YNEZVZ and the expressions
of coLll (sp) and LI

(sn) are given by Lemma 3.4 depending on the adopted pre-selection

() (1)

policy.

Proof. We define the instantaneous success probability for the network tier k after

successfully canceling n interferers as
Ps(n,k,T) = P [SINRy(n) > T(I” + 0°)| = P |PiGys b7, ) S T(1 + %)
L k

)

Tr . i
=P hu; > ;ku—é% (I(”) + 02) = [, _.[:1(")(5) exp (—502)] , (3.47)

which follows from the fact that &, is an exponentially distributed random vari-

able, hence PkGuzhu;r;ﬁ (%) is exponentially distributed with mean PkGu;r;f (ru; ) ;(3.47)
k k

follows with the use of the Laplace transform of I that takes values according to

Lemma 3.4. To find the unconditional success probability, we take the expectation

over r; and by using the proposed BSS technique, we conclude to (3.46). m|

In the following discussion, we derive the success probability of the user to
decode and cancel the n-th strongest interferer, with the assumption that the inter-

ference for the n — 1 strongest interfering BSs has been previously canceled.

Lemma 3.6. The coverage probability of a user attempting to decode the n-th strongest

interfering signal, is given by

K
Psn,T) = 1- ( exp sa 1?,1)(5 ) fo(r,n | L)dr
: - f-f L0

0<r» <r < <00
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f f exp so M(sN fo(r,n | N)dr) (3.48)

0<r,* <r < ~<00

nLéTy; Né Vi
where s;, = & N INC .

; the expressions of L1, (sv) and L7,

1 (N0) are given by Lemma

3.4 depending on the adopted pre-selection policy and fo(r,n | L) and fo(r,n | N) denote the
joint distance distribution between the user and the n-th nearest LoS and NLoS BS from the
i-th tier, respectively, and are given by

K

fulrn 10 = [ [ exp (=i 1 1) 202 2D 3.49)
i=1 ’
and p
futrn 1N) = [ Jexp (=, 1N 22 IRE (3.50)
i=1 ’

respectively, where Ai(r, | L) and Ai(r, | N) represent the intensity measure of LoS and NLoS

BSs in network tier i, respectively.

Proof. After successfully decoding and subtracting n — 1 signals from the received
signal, the probability of successfully decoding the n-th interfering BS from network

tier k, conditioned on its distance, r,,, can be written as
T (I + 6?)

Po(n,k,T|r,) =P _
G()Pkl”,;a(r")

h, > = exp(—s0°) Ly, (), (3.51)

melyy ey
Go ’ Go

where s = {s;, sn} = { } takes value depending on whether the direct link
is LoS and NLoS, respectively and the value of LM (s) is given based on Lemma 3 4.
To find the unconditional success probability, the expectation should be taken with
respect to the distance of the n-th interferer with pdf that are given by expressions
(3.49) and (3.50), depending on the link’s status. Based on the density expressions
for each pre-selection policy that are analyzed in Lemma 3.2, the intensity measure

is equal to A(r,) = for" Ai(u)du. By using the proposed BSS scheme, we conclude to
(3.48). O

Note that when N = 0 i.e.,, no interferers have been canceled, the achieved
coverage performance with the use of the SIC scheme Pgic(T,N) is equal to the
coverage probability when no SIC is applied, that is Psic(T,0) = P*(T). We now
provide the coverage performance of a receiver with SIC capabilities. Based on the
sequence of events in (3.42), the following theorem provides the overall coverage

performance.
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Figure 3.2: Coverage probability versus the threshold T for different values of block-
age constant § = {0.02,0.025}; the lines and markers represent the theoretical and

simulation results, respectively.

Theorem 3.4. The coverage performance Psic for a DL user with the ability to perform SIC

to cancel a maximum of N interferers, is given by,

(H Po(n, T)) PszT).  (3.52)
n=1

z=1 \ n=

N z—1
Psic(T,N) = P'(T) + ) | [ (1-Ps(n, T)
0

Proof. Since the success of SIC occurs as one of the steps described in (3.42), the proof
follows directly from the definition of the sequence of events and the derivation of

Ps(n, T) and Pyp(n, T). O

3.6 Numerical Results

In this section, we provide numerical results to verify our model and illustrate the
effectiveness and potential benefits of the proposed BSS scheme. We focus on the
special case of a heterogeneous network with K = 2 tiers i.e., consisting of a macro-
tier overlaid with a pico-tier. We assume that the BS density of the first and second
tieris A; =5x 102 and A, = 344, respectively; the transmit power for each network
tier is P; = 40 dB and P, = 20 dB, respectively. Furthermore, we assume that the
non-negative blockage constant is § = 0.02. The noise power is set to 0> = =70

dB. The Nakagami fading parameters for LoS and NLoS links are set to v; = 4 and
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Figure 3.3: Coverage probability versus the Nakagami parameter vy for the pre-

selection policies; v, = 2vn, T = 5 dB.

vn = 2, while the path loss exponents are set to a;, = 2 and ay = 4, respectively. The
parameters for the sectorized antenna model are set to Q = 10 dB for the main lobe

gain, g = —10 dB for side lobe gain and ¢ = Z for the main lobe beamwidth [113].

Fig. 3.2 illustrates the effects of blockage/obstacles on the network performance
for the proposed pre-selection policies. We can first observe that the analytical
results provide an upper bound for the network performance given by the simulation
results; this is expected due to Alzer’s Lemma [170]. Furthermore, it is clear from
the figure, that with the increase of blockage density there is a significant loss in
coverage performance. This again is expected, since by increasing the blockage
density, more and more links between the users and their associated BSs are in
NLoS. Therefore, the probability that the user connects to a LoS BS is decreased so
the signal at the user becomes weaker and the received SINR is reduced. Another
important observation from this figure is that the SS policy achieves a significantly

higher network performance, outperforming the other two policies.

In Fig. 3.3, the network coverage performance over Nakagami fading is plotted
for all the pre-selection policies. For comparison reasons, the network performance
over Rayleigh fading for each pre-selection policy is also displayed in the figure as

a dashed line. Based on the figure, we observe that the increase of the Nakagami
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Figure 3.4: Coverage probability versus the threshold T for the BSS and CoMP
schemes; § = 0.025.

parameter v results in an increase of the coverage probability in all pre-selection
policies. This observation can be explained by the fact that by increasing the quality
of the communication link, users experience lower fading over their received signal,
thus the network performance increase. Furthermore, it can be easily seen that, as
V¢ — oo, the network performance becomes independent of the Nakagami param-
eter. This was expected due to the fact that, while v, — oo, the fading becomes a
deterministic value centered on the mean. Finally, by comparing the achieved net-
work performance between the cases of Nakagami and Rayleigh fading, we noticed
that for low Nakagami parameters, the analysis of network performance with the
latter case provides a lower bound of the first case. For this reason and for the rest
of this chapter, we continue our analysis on the assumption that the attenuation
between users and BSs is a Rayleigh fading.

Fig. 3.4 shows the network coverage performance of the proposed BSS technique
compared to the conventional coordinated multipoint (CoMP) technique for each
pre-selection policy [93]. CoMP technique allows multiple randomly distributed
BSs to jointly transmit data to a user. On the other hand, by using BSS technique,
each user is able to communicate with the BS that provides the maximum SINR
and which belongs in the set of “candidate” BSs. Hence, in order to conduct a fair

comparison between the CoMP technique and the BSS technique, we assume that
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the transmit power of the terminals that belong in the network tier k and employ
CoMP technique, is equal to PEOMP = P;/K; this assumption ensures the same total
transmit power of both techniques. As it can be seen, our proposed technique
offers marginal coverage performance gains when compared to the CoMP technique
with lower computational demands. Particularly, the selection of a single BS for
the communication, opposed to the joint transmission of multiple BSs, reduces the

existing interference and thus the network performance is increased.

Fig. 3.5 shows the impact of cooperation on the achieved coverage performance
with respect to the BSs’ transmit power for K = {1,2,3}. For the cases K = 2 and
K = 3, we assume that the transmit power of the BSs in each tier is inversely
proportional to the tier’s density. Specifically, we assume A; < A, < Az and so
Py > P, > P;. The first main observation is that as the number of network tier
increases, the coverage performance improves. This observation has been expected,
since as the number of network tier increases, the number of associated BSs with
the users increases. As a result, the probability of a user to communicate with
a BS that provides higher coverage performance is increased, thus the network
performance improves. In addition, as it can be seen in Fig. 3.5, CS and SS schemes

outperform the RS scheme independently of the transmit power value. In high and
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moderate transmit power values, the SS scheme outperforms the CS scheme, while
in low transmit power values, their difference in terms of coverage performance is
negligible. Additionally, it is clear from the plot that the coverage probability for all
pre-selection policies converges to a constant value for high transmission powers.
This behavior of coverage performance is based on the fact that as the transmission

power of the network’s nodes increases, the noise in the network becomes negligible.

Fig. 3.6 illustrates the importance of the deployment of sectorized antennas for
mmWave networks in order to mitigate the negative effects caused by the blockages
on the network performance. For each pre-selection policy, we plot the coverage
probability versus the blockage constant and the main lobe gain of sectorized anten-
nas. It can be easily observed that, as the blockage density increases, the network per-
formance decreases independently from the adopted policy. As mentioned before,
for high blockage densities, the communication of the users with LoS BSs becomes

impossible and thus the coverage probability significantly decreases. In addition, by
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fering BS cancelations.

narrowing the antenna’s main lobe beamwidth, the coverage performance increases.
This observation was expected, since by narrowing the main lobe beamwidth, the
multi-user interference from interfering BSs is reduced and the observed SINR in-
creases. Hence, it can be easily observed that, while the density of the blockages is
increasing, in order to prevent a decrease in the network performance, the antenna’s
beamwidth should be narrowed. In Fig. 3.7, we plot the additional achieved gain
in terms of coverage probability versus the maximum number of cancellations and
the SINR threshold. It can be seen that, the coverage probability sharply decreases
with N and by increasing the SINR threshold. Specifically, by using the SIC scheme,
a considerable improvement on the success probability is observed for SINR thresh-
old values lower than 2 dB, whilst the improvement of the network performance
is negligible for higher SINR threshold values. Furthermore, Fig. 3.7 shows that
the achieved gain through the cancellation of the strongest interferer, is significantly
larger than the gains achieved through the cancellation of higher order interferers.

This was expected, due to the fact that by decoding and subtracting the strongest
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interfering signal, the users face a noticeable weaker interference resulting in the

improvement of observed SINR.

3.7 Summary

In this chapter, we proposed a novel low coordination complexity BS selection
scheme in the context of next-generation cellular networks. We assumed that the
users and the BSs are equipped with sectorized antennas and the users have the
ability to perform SIC. We evaluated the achieved network performance by using
our proposed technique in the context of three pre-selection policies that are based
on: 1) the Euclidean distance, 2) the averaged received signal power, and 3) random
selection. The coverage probability performance of our proposed technique was
derived in analytical expressions for the case of Nakagami fading and the impact
of blockage density, antenna directionality and number of network tiers has been
discussed. Finally, aiming to further boost the achieved performance, a SIC mecha-
nism has been integrated at the user’s side to mitigate strong interference terms for
the special case of Rayleigh fading. We have shown that the proposed BS selection
scheme outperforms conventional CoMP schemes and ensures full diversity gain

when the SS policy is employed.
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Chapter 4

Heterogeneous FD-mmWave cellular

networks with cell center/edge users

In this chapter, we assess the effect of FD radio in HetNet-mmWave communications.
Specifically, we propose an analytical framework, based on stochastic geometry, to
evaluate the performance of heterogeneous FD-mmWave cellular networks for two
user location-based classifications, namely CCUs and CEUs. Moreover, in order to
further boost the achieved network performance, the utilization of the SIC technique
is considered. Based on the proposed framework, analytical expressions for the

coverage and the sum-rate performance are derived.

4,1 Motivation and Contributions

Driven by the demand for increased spectral efficiency in the next-generation sys-
tems, the FD radio is identified as a promising solution. FD radio is a well investi-
gated technology which could potentially double the spectral efficiency with respect
to the HD counterpart, as it employs simultaneous transmission and reception using
non-orthogonal channels [164]. However, the non-orthogonal operation creates a
loop-interference (LI) between the input and the output antennas. Motivated by
the overwhelming negative effect of the LI at a transceiver, many methods have
been developed which successfully mitigate the LI and make the FD technology
feasible [161].

The performance of the FD radio in large-scale HetNets is also compromised by

the increase of the intra- and out-of-cell co-channel interference [162,163]. Several
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research efforts have been carried out to study the effect of loop- and multi-user
interference on the FD performance for large-scale wireless networks, and several
techniques have been proposed to alleviate the additional interference caused by
the FD operation. Recent studies have shown that, the mitigation of the overall
interference can be achieved by exploiting the prominent properties of the mmWave
communications [84,134,141]. Thus, the co-design of FD radio and mmWave net-
works is of critical importance in order to combat the severe multi-user interference
and increases the network’s spectral efficiency.

Furthermore, the majority of works in the literature focus on the average network
performance of a user at a random location within a cell. However, the effect
of the aforementioned techniques on the user’s performance strongly depend on
its location [172]. In particular, the users which are located near the serving BS,
experience small path-loss attenuation thus the received signal power from the
serving BS is significantly higher than the received interference. Nevertheless, the
path-loss attenuation becomes more severe as the distance between the user and the
serving BS increases, where beyond a critical point the user receives weaker signal
power from the serving BS compared to the observed interference. Hence, each cell
can be divided into two disjoint sub-regions based on the network topology, namely
cell-center region and cell-edge region. The classification of the users into two
categories, namely the CCUs and CEUs, is studied in [172] for a grid-based modeled
cellular network. In the context of stochastic-based modeled cellular networks,
recent studies deal with the classification of the users, which is either based on an
SINR ratio threshold [77] or the distance from the serving BS [173]. Even though
the technologies of FD radio, mmWave communications and HetNets have been
investigated in several works, their co-design, as well as the performance evaluation
for different location-based user classifications in a HetNet has been disregarded.

Motivated by the above, in this chapter, we study the achieved coverage and
sum-rate performance for each user classification in the context of heterogeneous
FD-mmWave cellular networks. We adopt a system-level point of view by taking
into account spatial randomness of BSs, users and blockages. Specifically, the main

contributions of this chapter are as follows:

e We propose a novel analytical framework based on stochastic geometry, which

comprises the co-design of FD radio and HetNet-mmWave cellular networks.
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The developed framework takes into account the ability of users to operate
either in FD or in HD mode. The users employ distance-proportional fractional
power control and are classified either as CCUs or CEUs based on their location

within a cell.

e We evaluate the performance of the considered network under an ideal SIC
technique for both the DL and UL transmissions, aiming to further enhance
the network performance. With the intention of keeping low computational
complexity, we assume that only the dominant interferer is eliminated without

depriving from the network to achieve better performance.

e Analytical expressions for the coverage and the sum-rate performance are de-
rived for the considered user classifications. Moreover, under specific practical
assumptions, closed-form expressions for the Laplace transform of the received
interference are derived. Finally, analytical expressions of the coverage and the
sum-rate performance for the case where the nodes have the ability to perform

SIC are also derived.

The models adopted in this chapter for modeling the mmwave communications
were previously introduced in Section 2.4, while some additional preliminaries no-

tions that we will use in the this chapter are introduced in the following section.

4.2 System Model

Recall that, we consider a HetNet composed by K network tiers of BSs. Each network
tierk € {1,...,K} of BSs is modeled by a two-dimensional homogeneous PPP @, with
density Ar and transmission power P,. We consider the scenario where all the BSs
operate in FD mode. The users can operate either in FD or in HD mode (e.g. legacy
terminals). A user operates in FD mode based on a predefined probability 6, while
an HD user can either operate in DL or UL with probabilities 6° and 6, respectively.
We assume that all FD nodes have both DL and UL communication links.

In terms of channel fading, we consider the scenario where the small-scale fad-
ing between two nodes is modeled by Rayleigh fading with unit average power.
Hence, the power of the channel fading is an exponential random variable with unit
mean. In addition, motivated by the ultra-dense deployment of BSs, we assume that

the considered mmWave network deployment operates in the interference-limited
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region [174], i.e. thermal noise is neglected. Regarding the LI, we assume that the
FD-capable users and BSs employ imperfect cancellation mechanisms [175]. Assuch,
we consider the residual LI channel coefficient to follow a Nagakami-u distribution

with parameters (y, ail), where =- characterizes the LI cancellation capability of

both the BSs and the FD users. Th:refore, the power gain of the residual LI channel
follows a Gamma distribution with mean p and variance %, ie h~T (y, %I)

In this chapter, the interference effect from the NLoS signals is ignored, since
the dominant interference is caused by the LoS signals [21,115,131]. Thus, for each
network tier k € K, a PPP @ with inhomogeneous density A;(r) = Axexp (—pr) is
formed, based on the thinning property of the PPPs (See Section 2.4.2). Then, using
the expression (2.4), the ff of the distance R to the closest LoS BS from the k-th tier is

P[R > r] = exp(—2mAU(r)) [115], and the pdf of the distance R, is given by
fr(r) = 2nAirexp [-Br — 2nAU(r)], (4.1)

where U(r) = 7 (1 — exp [-pr] (1 + pr)).

As a result of the scarce power resources of battery-powered devices, the UL
power control is of paramount importance in next-generation cellular networks
[16]. Hence, we study the utilization of a power control scheme only for the UL
transmission, while for the DL transmission we assume a fixed power transmission
allocation scheme. We assume that all users utilize distance-proportional fractional
power control in order to compensate the large-scale path-loss and maintain the
average received signal power at their corresponding serving BSs equal to p [163].
To accomplish this, a user, which is at a distance R from its serving BS and with
path-loss equal to R™, adapts its transmitted signal power to pR*, where 0 < € < 1is
the power control fraction. Based on the general UL power control mechanism used
in the LTE standard [16], the transmission power allocated to a cellular user can be
expressed as P,(R) = min{pR*, P}, where the users which are unable to fully invert
the path-loss, transmit with maximum power P,,. It is important to mentioned
here that, for the case where € = 1, the path-loss is completely compensated if
P, is sufficiently large, and if € = 0, no path-loss inversion is performed and all
the users transmit with the same power. The considered distance-proportional UL
power control technique only requires the knowledge of the locations of the BSs,
opposed to the truncated channel-inversion power control scheme, that demands

further computational resources for the channel estimation. This knowledge can be
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obtained by monitoring the locations of the BSs through a low-rate feedback channel

or by a global positioning system mechanism [19].

4.3 Location-based Classification and Association crite-
ria

In this section, we introduce the location-based classification as well as the asso-
ciation criteria of a user in a cellular network with K-tiers. We provide analytical
expressions which will be useful for computing the coverage and the sum-rate per-
formance in Section 4.4. Without loss of generality and by following Slivnyak’s
theorem [46], the analysis concerns the typical user located at the origin but the
results hold for all nodes of the network. Throughout this chapter, we will denote
by 7« the distance between the origin and a BS from the k-th tier that is located at

Uy € CDL, ie. e = ||ugll.

4.3.1 Location-based Classification

A mmWave channel has fewer multi-path components than a sub-6 GHz channel,
hence the small-scale fading has a minor impact on mmWave signals, compared with
the ones in the sub-6 GHz channels [21]. As a result, the dominant limiting factor for
the performance of mmWave cellular networks is the path-loss attenuation, since the
received signal power from a nearby LoS transmitter is almost deterministic [133].
Motivated by this, we adopt a location-based technique for the classification of
the users, which provides a low implementation complexity and is not devoid of
accuracy. We first define the cell-center and the cell-edge regions of a single-tier
cellular network. The spatial partition of a cell into two disjoint sub-regions, center
and edge region, aims to classify the users according to their location. The cell-center
region is defined as the region in which the user has significantly smaller distance
from its serving BS compared to the distance from the dominant interferer. On the
other hand, a user is located in the cell-edge region, if the distances from the serving
BS and the dominant interferer are relatively equal. For the considered scenario of a
K-tier cellular network and due to the independence between the different network
tiers, the classification is based on 2X disjoint sub-regions of a cell. Fig. 4.1a shows a

realization of a two-tier FD-mmWave cellular network, where macro-tier BS network
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Figure 4.1: The Voronoi tessellation of a two-tier FD-mmWave cellular network,
where the macro-BSs, the micro-BSs and the users are represented by triangles,
squares and circles, respectively. Points and circles represent the cell-edge regions

of macro and micro-tier, respectively.

(represented by rectangles) is overlaid with denser and lower power micro-tier BS
network (represented by triangles). Fig 4.1a shows the edge region of the macro-tier
network (represented by dots) along with the edge region of the micro-tier network
(represented by circles). It can be easily observed that the users (represented by
diamonds) can be classified into one of the following disjoint regions of a cell: 1)
cell-center for both tiers, 2) cell-edge for both tiers, 3) cell-center for the macro-tier
and cell-edge for the micro-tier, and 4) cell-edge for the macro-tier and the cell-center
for the micro-tier. For example, User 1 is classified in the cell-center region for both
network tiers, while User 2 is classified in the cell-center region of the macro-tier and

in the cell-edge region of the micro-tier.

We denote as By the region in which a user is classified with respect to the k-th
tier. Based on the above, the user’s overall classification region 8 is defined as
the intersection of the regions By in which a user is classified for the k-th tier, i.e.
B = MkexcBx. Let Cr and E; represent the cell-center and the cell-edge regions for
the k-th tier, respectively. A user is presumed to be in the cell-edge region for the
k-th tier, i.e. By = E4, if its distances from the first and the second closest BSs are
relatively equal; otherwise, the user is presumed to be in the cell-center region, i.e.

B = Ci. Thus, a user is classified as CEU with respect to the k-th tier, if g—; > C
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otherwise as CCU, where R and Ry denote the distances of the first and the second
closest LoS BSs and C € [0,1] is a predefined fraction. In Fig. 4.1a and Fig. 4.1b, it
can be seen that the cell-edge region of the macro-tier and the cell-edge region of the
micro-tier, monotonically decrease with the increase of threshold C. For example, for
the scenario with C = 0.5, User 3 is classified in the cell-center region of the macro-tier
and in the cell-edge region of the micro-tier, while for the scenario with C = 0.7, User
3 is classified in the cell-center region of both network tiers. Thus, C is a metric that
determines the size of the cell-center and the cell-edge regions and consequently the
classification of users. By using (4.1), the joint distribution of the distances R and

Ryq for the k-th tier, can be expressed as

frory(Ts, 1a) = QmAL)? rerg exp [—prs — Pra — 2nA U (rq)] - 4.2)

Let pg, denote the probability that a user is classified in the region B with respect to
the k-th tier. Hence, with the use of (4.2), a user is classified in the cell-center region

for the k-th tier with probability
R .
pck =P [R_d < C] = (27’(Ak)2 f VdU(CT’d) exp [—ﬁ?‘d - 2ﬂ/\ku(7’d)] di’d, (43)
0

while a user is classified in the cell-edge region for the k-th tier with probability

R
P, = H’[R—d > C] =1-pe,. (4.4)

Due to the independence between the network tiers, the overall classification of a
user in the region B, occurs with probability pg, which is calculated as pg = [ [ex P3,-
In the following Lemma, we derive the distance distribution between a user and its

serving BS from the k-th tier, given that the user is classified in the region 5.

Lemma 4.1. The pdf and the cdf of the distance between a user, which is classified in the
region By, and its serving BS from the k-th tier are given by

frR(rBi) = 2n Ay (1, By), (4.5)
and .
Fr(r|By) = ZHAkaQk (x, By) dx, (4.6)
respectively, where
exp[fr] r 2mAy @
— = |exp [2nA U (L )| — exp |-== if By = Cy,
Qk (7’, Bk) — Pc, ( p [ k (C):I p [ B ]) f k k (47)

i (exp [-21A U (r)] — exp [_2”Aku(9]) if B = Ey,

PEk

75



and pc, and pg, are the probabilities that a user is classified in the cell-center and the cell-edge

region, respectively.

Proof. Let R, be the random variable representing the distance of a CCU from the
associated BS from the k-th tier. Then, the probability that R. is greater than r becomes

Fr(r|By) = P[R. > r|R. < CR4] = f f fror,(Te, ra)dradr,

_onh I‘” . expp[Ck pr] (eXp [—271/\kl,l (Z)] —exp |—%l) dr,.

Therefore, the pdf of R. for the k-th tier becomes

fi189 = 411~ B8]

= 21tAr epr[Ck prl (exp [—271/\;(11(2)] —exp [_27,;2/\](]) .

Now, let R, be the distance of a CEU from the associated BS from the k-th tier. The

probability that R, is greater than r becomes

Fr(r|Br) =P[R, > 1R, > CRy] = f f fror,(Te, Ta)drgdr,

= 21, foo reexp[ prl (exp [2mAU (r)] — exp [—ZNAkU(%)])dre.

PE;

Hence, the pdf of R, for the k-th tier becomes

exp [-pr] r
fr(r1Bx) = 2nAr ——— (exp [-2mA U (r)] — exp [—271/\kl,l (Z)]) (4.8)
Ex
Hence the expressions of Lemma 4.1 are derived. m|

4.3.2 Association criteria

We consider weighted path-loss user association criteria for both the DL and UL
transmissions. In the case where the user operates in FD mode, it can be served
either by two different BSs for the DL and UL transmissions or by a single FD BS
for both the DL and UL transmissions, i.e. three-node and two-node architectures,
respectively [176]. For the DL transmission, we assume that the users are associated
with the LoS BS that offers the strongest received power, since by adopting this
association policy, the user achieves the highest DL coverage performance. On the
other hand, due to the user’s limited transmit power, we assume that the users are

associated with the closest LoS BS for the UL transmission. Let xp, xy and x; denote
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the serving BSs for the DL and the UL transmissions and the BS with the minimum
path-loss from the k-th tier, respectively. Therefore, the association criteria for both

the DL and the UL transmissions, can be described as follows
P 1

xp = argmin ——, and xy = arg min ——
x€{xk} LO( ) x€e{xe) LO( )

where y; = argmin__,. Lo (x)'. For the case where a user is served by a single BS for
k

(4.9)

both the DL and UL transmissions, this particular BS must satisfy both the expres-
sions in (4.9). The following lemma characterizes the joint DL and UL association

probabilities of an FD and an HD user, with respect to the user’s classification region.

Lemma 4.2. An FD user, which is classified in the region B, is served by a BS from the i-th
tier for the DL and a BS from the j-th tier for the UL with probability

0o 1 N
[ ] fisofrisy 11 Frmax {Dri, i b8 dridr, i ),
E l]
LG, ) = D:;rf (4.10)
B 4
< 1
[ fe(ri,18) TI Fr (maX{ka,l} rilBk)dri, ifi=j,
0

keK\i

while for an HD user, the DL and the UL association probabilities are given by

M2 () = fo ettt [, Fe (D38 ), @1

and N
IT5() = fo fr(riB:) erW\i Fr (rilBy) dr;, (4.12)
respectively, where Dy, = % ; fr(rilB;) and Fg (v|B;) denote the pdf and the cdf of the distance

between a user and its serving BS from the i-th tier, respectively, which are given in Lemma

4.1.

Proof. We first consider the case when an FD user associates with different BSs for
DL and UL. A user associates with different BSs (xp € q)} and xy € CD]L) under the
following conditions: (i) xp does not meet the criterion defined for UL |[xpl|* > [|xu]l?,
and (ii) xy does not meet the criterion defined for DL P;llleII“ > P7Mlxpll”. Let

r; = |lxpll and r; = [|xyll, then by combining the aforementioned conditions we derive

1
Z);.Ti <rj<r (413)
where O;; = 5. The event that i # j can be expressed as
1
m m1n||x|| > max {Z)“rl, }IZ).“.ri <rj<r,B;.
xqu Y

keX\i,j

77



Hence, the joint association probability for the event i # j is given by

@

Hg(ll ]) = ]Er,‘,l’]'

1 1
H Fx (max {z);;(ri, rj} |Bk) (Diri <1j <71, By
keX\i j

@f fl fr(rilB:) fr(ri1B)) H Fr (max{@fkri,rj} |Bk)dr]-dri, (4.14)
0 D;}l’,‘

keK\i,j

where (a) follows from: (i) the fact that the minimum distance to a BS from a PPP
@y, is distributed with cdf P [minxeq% < t] = 1 — Fr(t/8Bx) and (ii) the independence
between the network tiers, (b) follows since the expectation in (a) is with respect
to r; and r;, which denote the distances to the serving BSs. Its important to note
here, that for the case where i < j, the joint association probability is TTy(i, j) = 0.
Assume that the closest BSs of a user from the network tiers @} and CD}“ are located
at distances r; and r;, respectively. Also, let us assume that the user is associated for
the UL transmission with the BS from the i-th tier, which is the closest to the user, i.e.
r; <r;. Thus, due to the fact that P; > P}, the received signal power from the i-th tier

is definitely larger than the received signal power from the j-th tier, i.e. Pir;* > Pjr7*.

The joint association probability of the event xp = xy = x¢, i.e. i = j, given that
xo belongs to the i-th tier, follows the conditions: (i) xp = xy = X, (ii) xo meets the
criterion in (4.9) for DL, i.e. P;*||xoll” < min, gL P Ixl1?, V k # i, and (iii) xo meets the
criterion in (4.9) for UL, i.e. ||xol|* < minxeq)k |Ix[|?, V¥ k # i. Thus the probability for the

event i = j can be expressed

I i, ) = f C h(iB) [T (max {le 1} rz-) dr. (4.15)

0 keK\i
Similarly, the DL and UL association probabilities of an HD user can be obtained by
investigating the DL and UL transmissions, separately. Regarding the DL association
probability, a user associates with a BS xp € @}, which meets the criterion for DL in
(4.9), i.e. Pi‘1||xD||” < minxeq% P;lllxllﬂ VY k # i. Thus, the event for the DL association

probability can be expressed as

1
M {minllxll > Dir, |Bk}.
xedl

keX\i k

A similar methodology is followed for obtaining the UL association probability. O
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4.4 Heterogeneous FD-mmWave Cellular Network

In this section, we analytically derive both the DL and UL coverage probabilities, as
well as the sum-rate performance of a heterogeneous FD-mmWave cellular network
for each user classification. Finally, we investigate the additional achieved gains on
the network performance, by exploiting the ability of the nodes to perform a SIC

technique.

44.1 Interference Characterization

Firstly, we investigate the received interference at the typical receiver (i.e., a user or
a BS), where analytical and asymptotic expressions for the Laplace transform of the
received interference are derived by using stochastic geometry tools. The aggregate

interference at the typical receiver can be expressed as follows

ID - Zke‘K (Pk Zvecbﬁ\{xD} GLO(U)hU + Zye‘l’k Pu(?)GLO(y)hy) ’

IU - ZkEW (Pk Zvetbk GLO(U)hU + Zy€\yk\{xU} Pu(?)GLo(y)hy) ,

where P,(7) = min{py*, Pr,} is the transmit power of the interfering user to its serving
UL BS that is located at distance ¥; h, and h, are the channel fadings of the typical
receiver with BS at u and user at y, respectively, and W is the point process that
represents the active LoS users associated with BSs from the k-th tier. The positions
of the active users can be seen as a Voronoi perturbed lattice process which is not
mathematically tractable. Hence, we adopt the approximation proposed in [69] and
characterize the point process Wy as an inhomogeneous PPP with density Ai(r) which
is given by [69]

Ailr) = Ap() (1 - exp [-2nA U], (4.16)

where 1,0V denotes the fraction of the BSs that serve their associated users for the
UL transmission from the k-th tier and is based on the thinning property of the PPPs
(See Section 2.4.2).

In order to characterize the received interference for the DL/UL transmission, it is
necessary to define the interference-free areas. For the case of the DL transmission,
a user receives interference from both the BSs and the active UL users. From the
association criteria in (4.9), we conclude that all BSs that cause interference from the

k-th tier to the user have greater path-loss compared to the path-loss of the serving BS

79



from the i-th tier. Hence, the locations of the interfering BSs from the k-th tier must
satisfy the condition ||x|| > Z)l.%kllxDII, where x € CD,E, Xp € @}J and Dy = 1;—’1‘ Therefore,
we have an interference-free area with radius » = Z)l.%kllxDll. On the other hand, a user
receives interference from other active users that operate either in FD or in HD UL
mode. Due to the assumption that the active interfering users are located outside
of the cell, we model this repulsion between the users by assuming that the closest
interfering user is at distance b, [163]. For the case of the UL transmission, there is no
exact boundaries for the interference-free area around the typical BS as the users that
cause interference can be arbitrarily close. However, with the use of the association
criteria in (4.9), we can conclude that for a user which is located at y and is served
by a BS from the j-th tier, |lxy — yll < [lx — yll where x € @} and xy € <D]L. Therefore,
we have an interference-free area with radius r = ||xy — y||. Finally, the BS receives
interference from all the other BSs in the network. To characterize the interference,
in the following Lemma, we compute the Laplace transform of the random variables

IP and IV evaluated at s.

Lemma 4.3. The Laplace transform of the DL interference function, I, is given by

_ _ C P f e
LID(S)—HHeXp[ ZnAkstG[Pk L Trsh dr—A ] Endr|l, @.17)

keK G ik

and for the UL interference function, IV, is given by

L(s) = H H exp [—2nAkstG (Pk fo ) %dr —A f ) E(r)dr]}, (4.18)

kekX G j

where 1
Co) oy (e

sza(u)du, (4.19)

E(r) = (1 —exp [—ZHAk(SUU(r)])[)

PL(r) = exp[-Br], Di = i—f; ri and r; are the distances of the serving BSs for the DL
and the UL transmission, which belong to the i-th and the j-th tier, respectively, and A =

of + (1 — 6F) oY denotes the fraction of the active interfering users.

Proof. Firstly, we compute the Laplace transform of random variable I” at s condi-
tioned on the random distance rp = ||xp|| € CDZ.L to the serving BS from the origin,

which we denote as Lpp(s). The Laplace transform definition yields

—sZ{Pk Y cho(v>hv+Pu<}7)ZGyLo(why]”

Lp(s) = EgLw,cp, |€XP
ke ved\{xp} yeWg
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=[[Eorc| [] expl-sGoPiLo(h]

keK 0e®p\{xp}

X IE\PkrG/Pu

H exp [_SGyPu(y)LO(y)hy]‘ (4.20)

yeWg

:H]Eq% H Eg, [exp [-sGoPrLo(v)h,]]

ke uetbk\{xD}

X ]E\yk

H Eq,p, [exp [—sGyPu(y)Lo(y)hy]]] : (4.21)

ye¥y

By using the PGFL of PPP and the moment generating function of an exponential
random variable (See Section 2.4.2), we obtain the expression (4.17). The Laplace
transform of UL transmission can be expressed by following a similar methodology.

Hence, the expressions in Lemma 4.3 are derived. m]

Recall that P (r) = exp [-fr] is the LoS probability function defined in Section
4.3, and captures the effect of building blockages. Even through the expressions
in Lemma 4.3 can be evaluated using numerical tools, this could be difficult due
to the presence of multiple integrals. To address this, we simplify the analysis by

considering different practical assumptions.

Special Case for the DL transmission

We consider a step function for the blockage probability [115], i.e. Pr(r) = 1,x,
where Rp is the maximum length of an LoS link (i.e. Rg = 2/ B [115]) and assume
that the effect of interfering active users is negligible. The validity of the assumptions
will be shown in the numerical results. The Laplace transform of the DL interference

function for a = 4, is given by

) R )
—r — .
Lp(s) = exp | —2mApcsGPy f L ——=ar
et ofn ™+ SPG ]
TTTT VsGP VsGP,
~ exp | —pcmAr VsGPx | arctan S] - arctan( ° > k) (4.22)
wxe | D} R;
i 1
R V5GP (R - D3
x exp | —pcmAr sGPy arctan - , (4.23)
P aen sGPy + RED: 1

where (4.22) is derived with the use of [171, 3.194.5]. In order to further simplify the

expression, we assume P; > Py for k > i, thus D — 0, and the expression in (4.23)
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can be re-written as

Pi>Py R2
Lp(s) = exp [—pcn/\k VsGPy arctan( 5 )] . (4.24)
! ]1;[( ]‘;[ VSGPk

Special Case for the UL transmission

By taking into account the same assumptions as above, the Laplace transform of the

UL interference function, can be approximated by

Rp
r
Lu(s) = H H exp l—Zn/\kstGPk fo md;’]

keK G
13 Rj
~ [ ][ [exp|-pomteRiaF: |1, 5,5, —2-||. (4.25)
2°2 SGPk
ke G

where (4.25) is derived with the use of [171, 3.194.1]. We note that the approximated
Laplace transform expressions for the observed DL and UL interference provide
an upper bound of the actual network performance, since with the aforementioned
assumptions the actual aggregate network interference is underestimated. In ad-
dition, we can observe that the approximated Laplace transform expressions are
relatively efficient to compute as they involve geometrical functions that can be
easily evaluated.

Regarding the LI, let ILDI and IILJI denote the residual interference at the FD users
and the FD BSs, respectively, after the LI cancellation. Since the residual LI incurred
at a given receiver depends on its own transmit power, we define the residual LI

power as follows
Ipy = min{pllxpl’, Pmlhir  and Iy = Pihuy, (4.26)

where Py is the transmit power of a BS in the k-th tier; hj; represents the residual
LI channels at both the BSs and the users. We now proceed to the derivation of
analytical expressions for the Laplace transform of the LI at the FD receiver for both

the DL and UL transmissions.

Lemma 4.4. The Laplace transform of the observed LI function at an FD user, is given by

u
u
Lp(s :( ) , 427
ILI( ) ‘Ll + SDO_%IPu(rj) ( )
while the Laplace transform of the observed LI function at an FD BS from the i-th tier, is
given by
u B
=|—], 4.28
1) (u + SU0iIPf) 429
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where r; = |lxyll; (1, ail) is the fading parameter for the LI channels of the FD BSs and users.

Proof. The expressions for both the DL and UL transmissions can be obtained: (i) by
using the definition of the LI for both transmissions, and (ii) by applying the Alzer’s
Lemma [176], in order to approximate the Gamma random variable that represents

the LI channel with a weighted sum of the cdfs of exponential random variables. O

4.4.2 SIR Distribution

In this section, we characterize the overall signal-to-interference ratio (SIR) comple-
mentary cdf. For the considered system model, the DL and the UL SIR for the typical
receiver (i.e. a user or a BS), can be expressed as follows

p _ GoPiLo (xp) ho

) o _ GoPulllxullLo (xu)
g IP + ]lFDIII?I

i v+1Y

, and y , (4.29)

where xp € CDZ.L and xy € CI)]L are the serving BSs for the DL and the UL transmission,
respectively, as defined in (4.9); I° and IV are the interferences caused in the DL and
the UL transmission, respectively (defined in Section 4.4.1), hy and hy are the channel
fadings between the typical receiver and its serving BS and user, respectively, and
1rp is the indicator function for the event “the typical user is FD-capable”. The
residual LI observed at the FD users and the BSs are denoted as IEI and IEI, which are
given by ILDI = P,(|lxull)hrr and IEI = Pjhyy, respectively, where h; denotes the power
gain of the LI channel. If the typical user operates in HD mode, i.e. 1pp = 0O, the
observed DL SIR expression for the typical user that is served by a BS from the i-th

tier, is denoted as y?. We are now proceed to the derivation of the expressions for

the coverage and the sum-rate performance for each user classification.

4.4.3 Coverage and Sum-Rate Performance

We investigate the coverage probability of a user which is classified in the region
8B, for both the DL and UL transmissions of heterogeneous FD-mmWave cellular
networks. The coverage probability for both the DL and UL transmissions, PP (B, 1)
and PY (B, 1), respectively, is the probability that the SIR is greater than a threshold
7. In the following proposition, the conditional DL and UL coverage probabilities
are derived, for an FD user which is served by a BS from the i-th tier for the DL and
a BS from the j-th tier for the UL.
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Proposition 4.1. The DL and the UL coverage probabilities of a user, which is classified in

the region B, conditioned on the DL and the UL association criteria, are given by

o pr r
PB(B’T)ZJ; (fl Lo (sD)( Hz u(T’j)) fR(rj|Bj)drj)fR(ri|Bi)driz (4.30)

Dl p + spop P

PY(B,7) = f (f@

where {sp, sy} = {g[:; , GTO 5 } Lip() and Lyu(-) denote the Laplace transform function of the

and

L (sU)( s )fR(rjIBj)drj)fR(riIBi)dri, (4.31)

Su LIP

SR

ij T

observed interference for the DL and the UL transmission, respectively, and are given in
Lemma 4.3; fr(ri|B;) denotes the distance distributions which is given in Lemma 4.1 and b,

is the repulsion parameter [163].

Proof. First, we focus on the scenario of an FD user that is served by a BS from the i-th
tier for the DL and by a BS from the j-th tier for the UL. Let r; = ||xp|| and 7; = [|xyll,
then the DL coverage probability is given by

PB, 1) = By, 5 [P[YD > 118]| = fo ) [ f@ Py] > t| for|B)dr;
ij T

) ri 1
:fo (f : ]P|hO G01(3 . (ID”LDI)]fR (rjlB; )thfR(rle yri.  (4.32)

De ri
g

fR(”z‘|Bi)d7’i

By using the fact that iy ~ exp(1), the above expression can be further simplified as

pos.0= [ [, o oo [0 g esp [l i,
ij Ti

fR(7i|Bi)d7”i

. f | L (s0) Lip (s0) fe(riB)dr,
0

DA T
f

fr(rilB)dri, (4.33)

Ly (r7)
GoP; *

where (4.33) follows from the definition of the Laplace transform and sp =
The UL coverage probability can be also obtained by following a similar procedure

as described above. Hence, the expressions (4.30) and (4.31) are derived. O

Note that, for the scenario of an HD user, 07, = 0 applies, and thus the term refer-
ring to the Laplace transform of the LI function in expression (4.30) becomes zero,
and the coverage performance for the considered scenario is denoted as (8, 7).
The following theorem presents the expressions for the DL and the UL coverage

probability for the typical user which is classified in the region 8.
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Theorem 4.1. The DL coverage probability of a user, which is classified in the region B, is
given by

K K
POB0)=0") D T P (B0 + (1= ) TGP (B,7), (434)

while the UL coverage probability is given by

PUB =Y Y TP B0, (4.35)

where P, (B, ’CT) and P;; (B, TT) denote the coverage probabilities of an FD user for the DL
and the UL transmission, respectively, conditioned on the DL and the UL user association

criteria and are given in Proposition 4.1.

Proof. We first determine the achieved DL coverage probability of an FD user. The
conditional DL coverage probability of an FD user, which is served by a BS from the
i-th tier for the DL and a BS from the j-th tier for the UL, is given by (4.30). The
sum over all possible association scenarios with their corresponding probabilities
provides the achieved DL coverage probability of an FD user. The same is valid
for the HD users and the FD BSs, and hence the expressions in Theorem 4.1 are

derived. m|

It is important to mention here that, as a node’s ability to cancel the LI decreases,
i.e. oil — oo, the LI overcomes the received signal power. For the DL case, this
results in a zero coverage probability for the FD users. Specifically, the first term of

expression (4.34) becomes zero, and the expression (4.34) is simply given by
K .
PP (B,7) = (1 - 6F)5° Zizl MHPP (B, 7). (4.36)

On the other hand, for the UL case, the coverage performance of the BSs, i.e. expres-
sion (4.35), is zero since all BSs operate in FD mode.

An equally important metric is the sum-rate performance (bits/sec/Hz). We use
the derived SIR distribution framework to obtain analytical expressions for the sum-
rate performance of the typical user in the context of the presented heterogeneous FD-
mmWave cellular network. Using the coverage probability, we can now derive the
average spectral efficiencies achieved by the FD and HD users, which are provided

in the following theorem.

Theorem 4.2. The DL and the UL rate performance of an HD user, which is classified in

the region B, can be expressed as

1 PP (B, 1)
D _ y
Ry = 1 3 fo — (4.37)
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1 “ PU(B, 1)
~In(2) J, T+1

Ry dr, (4.38)

while the sum-rate performance of an FD user, which is classified in the region B, can be

expressed as
Ry = Ry + Ry, (4.39)

where PP (B, 1) and PY (B, 1) express the coverage probability for the DL and the UL

transmissions, respectively, for a user which is classified in the region B.

4.4.4 Successive Interference Cancellation

In this section, we study how the SIC technique affects the coverage and the sum-
rate performance of interference-limited heterogeneous FD-mmWave networks. The
analysis will be presented for the DL transmission but the results similarly apply
for the UL transmission. We assume that each user has the ability to implement
an ideal SIC in accordance to [101]. In addition, due to the weaker transmission
power of the users, we assume that the interference effect from neighboring users
is negligible and the dominant interference is caused by the BSs. This could also
be guaranteed by a protocol that prohibits the selection of active nearby users [130].
Furthermore, we investigate the worst case scenario, where the link between the
user and the dominant interfering BS lies in the boresight direction of the antennas
of both nodes, resulting in a link gain of Q®. The main idea of SIC is to decode the
dominant interference signals caused by the interfering BSs and subtract them from
the received signal, resulting in an increase of the observed SIR. In order to keep both
the computational complexity and power consumption at low levels, we assume that
SIC is performed to cancel the dominant interferer. Specifically, the user attempts
to decode the received signal without any interference cancellation. If this attempt
is unsuccessful, the user seeks to decode the dominant interfering signal, subtract
it from the received signal, and then re-attempt to decode the resulting received
signal. If the user fails to decode the received signal, then the user is considered to
be in outage. Based on the sequence of the aforementioned events, the DL coverage
performance of a SIC-enabled user which is classified in the region 8, conditioned

on the user’s DL and UL serving BSs, is given by
PRB,T) = PYB,7) + (1 - PR(B, 1)) P ()P (8, 1), (4.40)
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where Pg’dec (8,7)and PE’SUC (8B, 1) denote the success probability to cancel the strongest
signal and the success probability of a link after successfully canceling the dominant
interferer, respectively, conditioned on the user classification. Intuitively, since the
user is able to successfully cancel the strongest interfering BS, the observed interfer-
ence by the typical user is changed. Let Q = [Jyeq @ \ {xP} denote the set of inter-
fering BSs. Then the set of interfering nodes after the cancellation of the strongest
interfering BS is represented by Q=0 \ {X4}, where X4 denotes the location of the
strongest interfering BS. In order to show the impact of SIC technique, we consider
an ultra-dense scenario, where the radius of interference-free area is derived by us-
ing the displacement theorem [168] and is equal to lim,, o [ Xall = (27 Yiexc /\k)_%.
Hence, the Laplace transform of the aggregate interference after the cancellation of
the strongest interferer, denoted as I, is given by

Li(s) = H H exp [—ZNAkstG (Pk ) L(r)dr -A foo E(r)dr)] ,  (4.41)
by

a

where Py (r) = e, B is given by (4.19) and A = 6" + (1 - 6F) oY.
A SIC-enabled user firstly attempts to decode and cancel the dominant interfer-
ing signal. The success probability of a user attempting to decode and cancel the

strongest interfering BS, is given by

— 1~

P =1- | [(1-2)* k), (4.42)

k=1
where Pg’dec(’c, k) denotes the probability of a user to successfully decode the dom-
inant interfering BS from the k-th tier that is located at X4. This probability can be
calculated as follows

GoPL-1 (X
Pg’dec(@ K =P [M > T]

15 + IEI
Ly (Xa)
=P |th > ﬁ(lﬁ + ILDI)] = [Ex, [llﬁ(SD)LILDI(SD)] ’ (4.43)
where sp = TLg:gid). To find the unconditional success probability, the expectation

should be taken with respect to the distance to the strongest interferer, i.e. the
second-closest BS. The probability that two points are located in a circular area with
radius rq = [| X4/l around the typical user, i.e. the serving BS and the dominant

interferer, is given by [46]
P [N(B(IIXall)) = 2] = 1 — exp [-2nAU(ro)] = 2mA U(r1) exp [-2mtAU(r1)] . (4.44)
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Then, the pdf of the second-closest BS from the k-th tier that is located at X4, is given

by,

fiu() = 1~ PINGBIXI) = 21

= 2ntAr QrAU(r) + 1) exp [—pr — 2mA U(r)] -

Thus, the success probability of a user to decode the dominant interference from the

k-th tier is given by

(o] Td [-[
P, k) =f f Ly (s )( = ) (ri1B;)dr;
K 0 D%rd fatb U+ spoz Py (r;) JelriB)r,

After successfully decoding and canceling the strongest interfering BS, the typical

fXd (T’d)de. (445)

user subtracts it from the received signal and then re-attempts to decode the resulting
received signal. The probability of successfully decoding the desired signal, after
canceling the strongest interferer, can be derived by following a similar methodology

as in Proposition 4.1 and can be expressed as

P(B,7) = P[SIR); > 7|8 = P[PiGoLo(r)ho > 7 (I + 1)) 18]

B 00 T [L[ m | | |
- jo‘ (Lén L1 (o0) (y + SDU%IPM(T]')) Sr(rj|B))dr;

where SIR}; denotes the achieved SIR after the cancellation of the dominant interferer
Lyt (ry)
PiGo

fr(rilBi)dri, (4.46)

and sp = The same methodology can be performed for the DL coverage
probability of an HD user, without the existence of the LI. Due to space limitation,
the analysis of this case is omitted. In the following theorems, we define the coverage
and the sum-rate performance of a SIC-enabled user in the context of the considered

network, for each user classification.

Theorem 4.3. The DL coverage performance for a SIC-enabled user, which is classified in

the region B, is given by
— K — K —
POB)=0") N T P (B0 + (1= ) TROPP (B,7), (447)

where 55(8, T) denotes the conditional DL coverage probability of an FD SIC-enabled user,
which is classified in the region B, and is given by (4.40); 505'0‘“(13, 7) and 5038“(8, 7)
denote the success probability to cancel the strongest signal and the coverage probability
after successfully canceling the dominant interferer, and are given by (4.45) and (4.46),
respectively; sp = éo—; and L_(sp) denotes the Laplace transform of the the aggregate

interference after the cancellation of the strongest interferer and is given by (4.41).
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Following a similar procedure as described above, the UL coverage probability
for a SIC-enabled FD user can be derived. Due to space limitation, the analysis
for the UL transmission is omitted. The following Theorem presents the sum-rate
performance of an FD and HD link for the case where the user is able to implement

the SIC technique for each user classification.

Theorem 4.4. The DL and UL rate performance of an HD SIC-enabled user, which is

classified in the region B, can be expressed as

~ 1 f“’ PP (B, 1)
Re =1 (2 ———dT, (4.48)
PU (B, T)
U
R = In(2) f T+1 v (449)

while the sum-rate performance of an FD SIC-enabled user, which is classified in the region

B, can be expressed as
RE = R0+ RY, (4.50)

where PP (B,71) and pU (B, 1) express the coverage probability for the DL and the UL

transmissions, respectively, of an SIC-enabled user which is classified in the region B.

4.5 Numerical Results

In this section, we provide numerical results to verify our model and illustrate
the impact of implementing a heterogeneous FD-mmWave cellular network on the
performance of CCUs and CEUs. We focus on the special case of a heterogeneous
network with K = 2 tiers, where the density of the first and the second tier is
A1 = 31 BSs/km? and A, = 93 BSs/km?, respectively, with transmit power equal
to Py = 15 dBm and P, = 5 dBm, respectively [115]. For the considered network
deployment, a user can be classified as: 1) CCU for both the network tiers (scenario
“CC”), 2) CCU for the macro-tier and CEU for the micro-tier (scenario “CE”), 3)
CEU for the macro-tier and CCU for the micro-tier (scenario “EC”), and 4) CEU
for both the network tiers (scenario “EE”). The path loss exponent is set to a = 4.
The power control factor is € = 0.9 and all BSs have the same receive sensitivity
p = —40 dB [163]. The SIC capabilities of BSs and users are set to ail = —60 dB and
p = 4 [163]. The parameters for the sectorized antenna model are set to Q = 10

dB, g = —10 dB and ¢ = % for the main lobe gain, the side lobe gain and the main

89



lobe beamwidth, respectively [131]. Unless otherwise specified, the fraction of FD
users is set to 6" = 0.8 and the fractions of HD users that operate in DL and in UL
direction are set equal to oP =6Y =05;b, =40 mand C = 0.7. Itis important to
note that the selection of these parameter values is for the purpose of presenting the
achieved performance of our proposed framework. Using different values will lead
to a shifted network performance, but with the same conclusions.

Fig. 4.2a illustrates the achieved coverage performance for both the DL and UL
transmissions for all four user classifications. As expected, for the scenario CC,
the achieved DL and UL coverage performances are the highest among the four
classifications since the serving BSs for the DL and the UL transmission are closer to
the user compared to the interfering BSs and users. On the other hand, the scenario
EE results in the worst DL and UL coverage performance due to the significantly
higher received interference compared to the received signal strength. Furthermore,
itis clear from the curves that for the scenarios CC and CE, where the user is classified
as CCU for the tier with the highest transmit power, the user achieves significantly
higher DL and UL coverage performance compared to the scenarios EC and EE
for small coverage thresholds. This observation can be explained by the fact that
the dominant interfering BS, which is the BS with the highest transmit power, is at
greater distance from the user and thus causes less interference. However, beyond
a critical threshold value, the DL and UL coverage performances achieved by a user
for the scenarios CE and EC are relatively equal. Finally, the agreement between
the theoretical curves (solid and dashed lines) and the simulation results (markers)
validates our mathematical analysis.

Fig. 4.2b shows the effect of power control on the achieved sum-rate performance
for the considered user classifications. We can easily observe the positive effect of
power control on the network’s sum-rate performance. As expected, by increas-
ing the power control factor €, the ability of users to compensate the path-loss is
also increased that leads to a better UL coverage performance and consequently a
significantly increased sum-rate performance. Similarly to the previous figure, Fig.
4.2b also demonstrates the fact that the achieved sum-rate performance of a user
for the scenario CC, exceeds the performance of the other user classifications and
the achieved sum-rate performance of the scenario EE is the worst. Furthermore,
Fig. 4.2b demonstrates the increased sum-rate performance due to the ability of

users to implement the SIC technique. This observation has been expected, since by
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Figure 4.2: Coverage and Sum-Rate performance for the considered four user clas-

sifications.

decoding and subtracting the strongest interfering signal, the received interference
by the users is noticeable weaker resulting in the improvement of the observed SIR.
We also numerically investigate an imperfect SIC scheme, where we assume that the
interference caused by the dominant BS is canceled imperfectly. As such, we con-
sider the channel coefficient of the residual interference after cancellation, to follow
a complex Gaussian distribution with zero mean and variance o3 (similar to the
residual LI [175]). In Fig. 4.2b, we consider GéIC = —60 dB and show the achieved
sum-rate performance of the imperfect SIC scheme for the EE scenario. As expected,
its performance is upper bounded by the achieved performance of the perfect SIC
scheme, and lower bounded by the achieved performance without the SIC scheme.
Note that the performance of the imperfect SIC scheme will be similar for the other
scenarios. Moreover, Fig. 4.2b demonstrates the impact of interfering users on the
network performance as well as the adoption of the simplified blockage model. The
small deviation from the theoretical curves indicates that, the interference caused by
the active users is negligible compared to the interference caused by the interfering
BSs due to the user’s smaller transmit power. Finally, the adoption of the simplified

blockage model provides lower complexity methodology for evaluating the system

performance, without being significantly deficient in accuracy.

Fig. 4.3 reveals the impact of blockages on the network’s DL coverage perfor-
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Figure 4.3: DL coverage performance versus blockage constant () for the considered
user classifications; T = 0 dB. For the multi-cosine antenna pattern [131], we assume

that each network’s node is equipped with 256 antenna elements.

mance. It is interesting to note that at low blockage constant values, the existence of
blockages improves the network performance. However, by increasing the blockage
constant beyond a critical point, the network performance decreases. This observa-
tion is based on the fact that at low blockage constants, the interfering signals from
LoS BSs are blocked, while the users are still able to communicate with their serving
LoS BS. In contrast, for high blockage densities, the communication of the users
with LoS BSs becomes impossible and thus the coverage probability significantly
decreases. Another important observation is the significant impact of increasing the
blockage density on the achieved performance for the EE scenario. This behavior of
coverage performance is based on the fact that as the distance between a user and
its serving BS increases, user’s performance is highly compromised by the increased
number of blockages in the area due to the increased probability of the desired links
to be blocked. It is important to mention here that the blockage constant has similar
effect on the UL coverage performance for all user classifications, thus the curves for
the UL transmission are omitted. In addition, we numerically investigate the im-
pact of a more accurate antenna pattern on the coverage performance by using the
multi-cosine antenna pattern [131]. As expected, the multi-cosine antenna model

outperforms our simplified antenna model, yielding a tight upper bound for the
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Figure 4.4: Coverage and Sum-rate performance for the four user classifications.

achieved coverage performance. This is due to the fact that the simplified antenna
model quantizes the continuously varying antenna array gains in a binary manner,
overestimating the impact of the observed interference. Finally, it can be easily ob-
served that the achieved performance corresponding to the multi-cosine antenna
model follows the same trends with the simplified antenna model, and thus we

further support our main conclusions and remarks.

Figs. 4.4a and 4.4b show the effect of the residual LI on the coverage and the
sum-rate performance. We can easily observe that by increasing the ability of the
users to cancel the L], i.e. ail — —oo, both the coverage and sum-rate performance
of the considered network are increased. This observation was expected, since by
decreasing the residual LI at the BSs and the users, the aggregate received interference
at the nodes is decreased, and therefore an increased SIR is observed. On the other
hand, as user’s ability to cancel the LI decreases, the DL coverage performance
converges to a constant floor while the UL coverage performance becomes zero.
This again is expected, since the severe LI causes zero coverage probability when a
node operates in the FD mode, thus the overall coverage performance is solely due
to the nodes which operate in HD mode. In Fig. 4.4b, we can easily observe that the
sum-rate performance is independent from the ability of users to cancel the LI for

the case where all the users operate in HD mode, i.e. ' = 0. Finally, it is clear from

Fig. 4.4b that if the users have high LI cancellation capabilities, the highest sum-rate
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Figure 4.5: Trade-off between the coverage and sum-rate performance for the DL

and UL transmission for different fractions of FD users (6F).

performance can be achieved, when all the users are operating in FD mode. For the
case where the users have low LI cancellation capabilities, all the users must operate

in HD mode in order to achieve the highest sum-rate performance.

Figs. 4.5a and 4.5b show the trade-off between the sum-rate performance and
the DL and UL coverage performance with respect to the fraction of FD users,
respectively. Each point in the curves represents the trade-off between the two
performance metrics for a given fraction of FD users. Animportant observation from
these figures is that for the scenarios CE, EC and EE, and at low fraction of FD users,
the operation in FD mode improves the coverage performance. This observation can
be explained since by increasing the probability of the user to operate in FD mode,
the dominant interfering BS tends to become a serving BS, thus the observed SIR
is increased due to the reduced interference. However, by increasing the fraction
of FD users beyond a critical point, the network performance decreases due to the
increased multi-user interference. In addition, the reduction in the DL coverage
performance is mainly observed in the scenarios EC and EE, in which the users
are more vulnerable in interference changes due to their small distances from the
BSs that cause interference. Conversely, the increased number of FD users causes
a weak decrease in the DL coverage performance for the scenarios CC and CE. On

the other hand, the increased number of transmissions in each direction, positively
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Figure 4.6: Trade-off between the coverage and sum-rate performance for the DL

and UL transmission for different fractions of FD users (6).

affects the sum-rate performance. Specifically, the scenarios CC and CE achieve
greater sum-rate performance gains compared to the scenarios EC and EE. The same
behavior is also observed in Fig. 4.5b, which shows the trade-off between the sum-
rate performance and the UL coverage probability. It is important to mention here
that, the proposed mathematical framework can capture the performance of HetNets
with higher number of network tiers, i.e. K > 2. Specifically, for the scenario K > 2
and due to the independence between the network tiers, the spatial classification of
a user is based on 2X disjoint sub-regions of a cell. In Fig. 4.6a and Fig. ??, illustrate
the trade-off between the sum-rate performance and the DL coverage performance
with respect to the fraction of the FD users with a two-tier (K = 2) and a three-tier
(K = 3) network deployment, respectively. It can be easily observed from the figure

that the same conclusions are derived.

4.6 Conclusion

In this chapter, we proposed an analytical framework based on stochastic geometry
and studied the performance of heterogeneous FD-mmWave cellular networks. The
developed framework takes into account the ability of users to operate either in FD

or in HD mode and their classification either as CCUs or CEUs for each network tier.
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We derive analytical expressions for both the coverage and sum-rate performance for
each user classification and the impact of blockage density, power control, residual
LI and fraction of FD users has been discussed. Aiming to further boost the achieved
performance, a SIC mechanism has been integrated to mitigate strong interference
terms. Our study reveals that HD is beneficial for CEUs since it offers better cov-
erage performance. On the other hand, FD provides a significantly larger sum-rate
performance to CCUs, with the cost of a slightly reduced coverage performance.
Finally, we have shown that the combination of FD radio with mmWaves provides
significant gains to cellular networks, as it can potentially double the network’s

spectral efficiency as well as mitigate the severe multi-user interference.
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Chapter 5

A hybrid cooperation scheme for
heterogeneous multi-band cellular

networks

In this chapter, we propose a novel hybrid cooperation scheme in the context of
heterogeneous sub-6 GHz/mmWave cellular networks, where users are classified
either as CCUs or CEUs. Specifically, our proposed scheme exploits the cooperation
technique, aiming at enhancing the performance of the CEUs and providing ubig-
uitous connectivity. Using stochastic geometry tools, we first establish an analytical
and tractable framework to investigate the achieved performance of our proposed
scheme in heterogeneous multi-band cellular networks. Based on the proposed
framework, analytical expressions for the moments of the conditional success prob-
ability are derived for the calculation of the meta-distribution. Finally, a simple ap-
proximation of the meta-distribution is calculated, leveraging the moment-matching

method with the Beta-distribution.

5.1 Motivation and Contribution

As we previously mentioned, mmWave communications is a promising technology
for next-generation cellular networks, due to its abundant spectrum resources. How-
ever, ubiquitous coverage performance in next-generation networks is not feasible
with the deployment of only mmWave BSs [71]. A possible solution is that mmWave
BSs will be overlaid on conventional sub-6 GHz HetNets, where the sub-6 GHz BSs
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provide general coverage and mmWave BSs provide high capacity to individual
users. Even though the utilization of HetNets operating in the same frequency band
has been investigated in several works, only limited work has been carried out for
heterogeneous multi-band cellular networks. In [71], the authors studied a HetNet
consisting of sub-6 GHz macro-cells (MCells) and mmWave small-cells (SCells), and
showed that extremely high bias values are desirable for SCells. The authors in [69],
proposed a general and tractable framework for characterizing the coverage and
rate performance of networks consisting of sub-6 GHz MCells and mmWave SCells,
and the analysis indicated that spectral efficiency of mmWave networks increases
with the BS density, particularly at the cell edge. A network consisting of sub-6 GHz
MCells and mmWave SCells was studied in [119], where the performance gains with
different decoupled association strategies were investigated.

The above studies focus on the average network performance of a user at a ran-
dom location within a cell. However, the link quality of a user is subjected to its
location. In particular, the CEUs receive weaker signal power from the serving BS
compared to the received interference, resulting in reduced coverage performance.
On the other hand, the CCUs experience better coverage performance compared
to the CEUs since the received signal power from the serving BS is significantly
higher than the received interference. The classification of users into CCUs and
CEUgs, is studied in [96] for a grid-based modeled cellular network. In the context of
stochastic-based modeled cellular networks, recent studies deal with the classifica-
tion of the users, which are based on an SINR threshold [52] or on distances [173].
Moreover, a fundamental performance metric for the wireless networks is the SINR
performance, which indicates the success probability relative to an SINR thresh-
old, evaluated at the typical link. Nonetheless, the performance of the typical link
represents an average over all spatial realizations of the PP, which provides very
limited information on the individual links [177]. To overcome this limitation, the
authors in [75], introduced the concept of meta-distribution, which provides a fine-
grained information about the performance of the individual links. Specifically, the
standard (mean) success probability defined as the complementary cumulative dis-
tribution function of the SINR of the typical user answers the questions “Given a
SINR threshold1 6, what fraction of users in the whole network can achieve success-
ful transmission on average?”, while the meta-distribution answers more detailed

questions such as “What fraction of users in a cellular network achieve 90% link
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reliability given a SINR threshold 0?”

Motivated by the above, in this chapter, we study the meta-distribution of the
SINR in the context of heterogeneous multi-band cellular networks. The main con-
tribution of this chapter is the development of a novel hybrid BS cooperation (HC)
scheme, aiming at providing an ubiquitous coverage performance. In particular,
our proposed scheme exploits the ability of BSs to jointly transmit data in a coherent
manner, in order to enhance the CEUs performance. Furthermore, using stochastic
geometry tools, we derive the b-th moment of the conditional success probability
achieved with the proposed scheme, and a Beta-distribution approximation of the
meta-distribution is calculated. Our results illustrate that our cooperative scheme
can significantly improve the coverage performance of heterogeneous multi-band
cellular networks, when compared to the conventional association scheme for het-

erogeneous deployments.

5.2 System model

In this section, we provide details of the considered system model. The network is
studied from a large-scale point of view using stochastic geometry. We consider a
two-tier heterogeneous cellular network consisting of sub-6 GHz MCells overlaid
with mmWave SCells. Both the MCells and the SCells are uniformly distributed in
R? according to independent homogeneous PPPs @y, and ®s, with densities Ay and
As, respectively. We consider a fixed power transmission allocation scheme, i.e. BSs
that belong in ®;, where i € {M, S}, transmit with power P;, where Py > Ps.

In such multi-band deployments, sub-6 GHz BSs are essential in providing ubiq-
uitous coverage to ensure a consistent service for the users. On the other hand,
mmWave BSs are mainly used to provide high capacity to individual users. Mo-
tivated by this, we assume the employment of omni-directional antennas for all
sub-6 GHz BSs, while all mmWave BSs are assumed to be equipped with direc-
tional antennas. Furthermore, we assume that the users are equipped with a single
omni-directional antenna and are able to work on both sub-6 GHz and mmWave
frequencies. For modeling the antenna directionality of the mmWave BSs, we adopt
a sectorized antenna model that approximate the actual beam pattern with sufficient
accuracy [133]. The antenna array gain is parameterized by three values: 1) main-

lobe beamwidth ¢ € [0,27], 2) main-lobe gain Q (dB), and 3) side-lobe gain g (dB),
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where Q > ¢q. Thus, the antenna gain between a mmWave BS and a user, is a discrete

random variable described by

Q with probability pg = 2

2’

G= 5.1)
g  with probability p, =1 - %

All users served in mmWave cells are assumed to be in perfect alignment with their

serving BSs, whereas the beams of all interfering links are assumed to be randomly

oriented with respect to each other and hence the gain on the interfering links is

considered to be random.

A blockage model is adopted for the mmWave transmissions to characterize the
high path-loss. A mmWave link can be either LoS or NLoS, depending on whether
the BS is visible to the user or not, due to the existence of blockages. We consider
the case where the LoS probability function is given by #1(R) = exp(—pR) [133],
where R denotes the distance between the receiver and the transmitter and f is
determined by the blockage characteristics. Throughout this work, the interference
effect from the NLoS signals is ignored, since the dominant interference is caused
by the LoS signals [115]. Thus, regarding the SCells, a PPP ®{ with inhomogeneous
density function A{(r) = Asexp(—pr) is formed, based on the thinning property of
the PPPs [46]. Then, the cdf of the distance R to the closest BS from the i-tier, is given
by [115]

FOg) = exp (—mAmr?) ifi =M, 52)
exp (—2nAsU(r)) ifi=S,
and the pdf of the distance R is

. 2nAr exp (—mtAmr?), ifi =M,
() _
= (1) = (5.3)

2niAgrexp (—pr —2nAsU(r)), ifi=S,
where U(r) = é (1 —exp (=Br) (1 + Br)).

All wireless signals are assumed to experience both large-scale path-loss effects
and small-scale fading. Specifically, the small-scale fading between two nodes is
modeled by Rayleigh fading with unit average power, where different links are
assumed to be independent and identically distributed. Hence, the power of the
channel fading is an exponential random variable with unit mean, i.e. |h]> ~ exp(1).

For the large-scale path-loss, we assume an unbounded singular path-loss model,
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L(X,Y) = |IX = Y||™" which assumes that the received power decays with the distance
between the transmitter located at X and the receiver located at Y, where a > 2

denotes the path-loss exponent.

5.3 Hybrid cooperation scheme for HetNets

5.3.1 User classification criteria

The adopted classification scheme, spatially separates each cell into two disjoint sub-
regions, namely center and edge region, and aims at classifying the users according
to their RSS. The cell-center region is defined as the region in which the user observes
significantly higher RSS from its serving BS compared with that obtained from the
dominant interferer. On the other hand, a user is located in the cell-edge region, if
the observed RSSs from the serving BS and the dominant interferer are relatively
equal. It is important to mention here that, the serving and the dominant interfering
BSs can belong to either MCell or SCell network tier. Nevertheless, regarding the
user classification policy, our proposed scheme only requires the investigation of the
scenarios where the serving and the dominant interfering BSs belong in the same
network tier. Therefore, the classification of the users with respect to a single tier is
solely based on the distances from their serving and dominant interfering BSs. Fig.
5.1 shows a realization of a heterogeneous multi-band cellular network, where sub-
6 GHz BSs (represented by rectangles) are overlaid with denser and lower power
mmWave BSs (represented by dots). Fig. 5.1 shows the center and edge regions of
the sub-6 GHz BSs, separated by the dashed lines. In addition, the center and edge
regions of the mmWave BSs are also illustrated, and are separated by the dotted lines.
Let R; and R represent the distance of the serving and the dominant interfering BSs,
respectively, that belong in the i-th tier, where i € {M, S}. Thus, a user is classified as
CEU, if % > C otherwise as CCU, where C € [0,1] is a predefined fraction. By using
(5.3), the joint distribution of the distances R; and Ei for the i-th tier, is given by

_ QrAm)? Pvim exp (—mAm"3, ), ifi=M,
fRi,ﬁi (ril 1"1') = ( M) (54)
(2mAs)’ rsrs exp (=B(rs + 7s) — 2mAsU (7s)), ifi =S.

Let IT,, denote the probability that a user is classified as 8 € {CCU, CEU} with respect

to the i-th tier. Hence, with the use of (5.4), a user is classified in the cell-center region
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Figure 5.1: The Voronoi tessellation of a two-tier multi-band cellular network, where
the MCells and the SCells and the users are represented by rectangles and dots,
respectively. Dashed and dotted lines represent the boundaries of the center and
edge regions of Mcells and SCells, respectively.

for the i-th tier with probability HiCCU =P [Ri / Ei < C], that is equal to

00 7iC
e = [ ([ oo
V,‘:O ;=0

e, ifi =M,

27 Ag }ors exp (—[Sr - 27;%) (exp (—271/\511 (%s)) - 1) drs, if i =S,
0

while a user is classified in the cell-edge region for the i-th tier with probability

HiCEU =1- HiCCU'

5.3.2 Association Policy

For the association policy, we assume that the users are served by the LoS BS that
offers the higher RSS. We denote ry and rs the distances between a user and its
strongest LoS BSs from the MCell and SCell network tiers, respectively. Let 1 (dB)
denote the predefined bias factor between the MCell and SCell network tiers, which
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determines the size of the cell-edge region between the different tiers. The association

probabilities of a user are derived in the following Lemma.

Lemma 5.1. A user is served by a BS from the i-th tier, where i € {M, S}, with probability

g P"?% i
Q; = f F ((PL) x] O (x)dx, (5.5)
0 i
where j € (M,S}and i # j.

Proof. Considering the association criteria, the probability of a user to be served by

(5

ri> (?)E x} fr,(x)dx,

a BS from the i-th tier, can be expressed as

—a

0, —p| 5 P
i— P]r]—a>r]_

=f]p
0

where {i, j} € {M, S} and j # i. Hence, by using (5.2) and (5.3), the expression (5.5) is

derived. m|

5.3.3 Hybrid cooperation Scheme

Our proposed HC scheme aims to provide ubiquitous coverage performance, by
allowing the CEUs to jointly receive data from their strongest and second-strongest
BSs. As it can be easily observed in Fig. 5.1, a user u € R? can be classified into one

of the following disjoint sub-regions of a cell:

e Sub-region 1: R; with probability W; = IT%;Qum,
e Sub-region 2: R, with probability W, = ITM Oy,

e Sub-region 3: Rz with probability W5 = IT3,Qs,

e Sub-region 4: R, with probability W, = T2 (s,

CEU
e Sub-region 5: R with probability Ws =1 - Zizl V.,

where | J, R, = R?>and x = {1,--- ,5}.
In our proposed HC scheme, when a user is classified as CEU, i.e. the RSSs from
the serving and the dominant interfering BSs are relatively equal, the user utilize

the coordinated multi-point technique. In such a case, the serving and the dominant
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interfering BSs jointly transmit data to the user in a synchronous and coherent
manner [177]. As we mentioned earlier, the serving and the dominant interfering
BSs can belong to either MCell or SCell network tier, independently, therefore a user
can be served from either both network tiers or by a single network tier. Let SINR;
represent the observed SINR at a user from its serving BS from the i-th tier and its
dominant interfering BS from the j-th tier, where {i, j} € {M,S}. For the scenario

where the user is served from both network tiers, i.e. i # j, the observed SINR is

given by
1 1 a, |2
PIFTHICLACA
=1,]
SINR; 3 = , (5.6)
TN Y wl Gyl P+ o
k yG‘Dk

where ||x;|| denotes the distance from a user to its strongest BS x; from the i-th tier;
h, is the channel fading between a receiver and its serving BS located at x; 02 is the
variance of the additive white Gaussian noise at the user and ux(M) is a function
where i (X) = X if k = S, otherwise i (X) = 1. On the other hand, if the user is
served by a single network tier, i.e. i = j, the observed SINR is given by

)
i Q)Py|lxill"2hy, + L I~ 2hs,
Y. wi(G)Piyl-hyl2 + 0% 7

yECDl‘

SINRy; =

(5.7)

where ||x;|| denotes the distance from a user to its second-strongest BSs x; from the

(@

cpu =1 if the user is classified as

i-th tier and 1"

cpu 18 the indicator function, where 1

CEU with respect to the i-th tier, otherwise ]lg)EU = 0.

It is important to mention here that, the observed interference for both the CCUs
and the CEUs is caused by the network tiers that the user is associated with. In
particular, a user that is served by BSs that belong to a single tier, observes interfer-
ence solely from the BSs that belong to the specific tier. Furthermore, considering

C =1 and n = 0 dB, our proposed cooperation scheme becomes the conventional

maximum RSS scheme, which is currently utilized in the HetNets [71].

5.4 Meta-Distribution for HC Scheme

In this section, we study the meta-distribution of the SINR, which is the distribution
of the conditional success probability given a realization of the PP, in the context of

our proposed HC scheme. Based on [177], the meta-distribution of the SINR is a
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two-parameter distribution function defined as
Fpo (x) =P, (Py(0) >x), B€eR', xe[0,1], (5.8)

where P! denotes the reduced Palm probability conditioning on the typical receiver
at the origin 0 and its corresponding transmitter to be active. Specifically, the meta-
distribution of the SINR represents the complementary cdf of the success probability
P4(0) conditioned on a PPP ®, which can be expressed as

P.(0) = P[SINR > 0|@], (5.9)

where 0 is the SINR threshold. Due to the ergodicity of the point processes, the
meta-distribution can be interpreted as the fraction of users in each realization of the
point processes that achieve coverage threshold at least O with probability at least x.
The standard coverage probability is the mean of Ps(0), obtained by integrating the
meta distribution (5.8) over x € [0,1]. Considering the five sub-regions of a cell, we
define P{”(6) as the success probability of a user that is classified in the sub-region
R, where ¥ = {1,---,5}, conditioned on the PPP ®. Thus, from the law of total

probability, we have

Py(6) = Z W, PX (). (5.10)

5.4.1 Moments of Conditional Success Probability

Since a direct calculation of the meta-distribution is tedious, the characterization
of the meta-distribution for our proposed HC scheme will be made through the
moments M;(0) = E [Ps(0)]. The moments for each user classification are derived in

the following Lemma.

Lemma 5.2. Given that the typical link is active, the moment M,(0), b € C, of the conditional

success probability in heterogeneous multi-band cellular networks, is given by
My(0) = Z v .M(0), (5.11)

where MI(UK)(Q) represents the b-th moment of the conditional success probability within
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sub-region R, and is given by

E(s1)e M) fxqﬁ (v)dv, ifx=1,

< S falS]

B(sp)e ™2 £ < (v, t) dido, if=2,
XV,

(59) TTc €56 fys(v)do, ifx =3,

(1]

(54) HG 3Y5(54’t)fxs e (U, t) dtdv, l:fK =4,
4%

E(s5)e ™50 T e¥s65h fin s (v, 1) dtdv, if k =5,
G XM X8

2
2
=
Il
S g 0?30%8 SR
I

o%gd%me

where
i(s,0) = -1 ) dr, 12
Yi(s, 0) ZnAkxuk (PG)I((l +Syj(G)Pir_”) ]r[“lk (e )d?’ (5.12)
o
E(s) = exp (—sboi) ,
and
a -1 a -1
s = {51152/ 53,54, 55} = QxM/ _?Pl\»/-[v_al st/ _?Psfv_a/ p GMPS
PM xM+xM Ps xS +xS x"_i,[/l-i_TS

Proof. Let X and XY be the random variables representing the distances between a
user u within region-R, and its serving and dominant interfering BSs from the i-th

tier. Then, the cdf of these distances become

P|X? > 0,%|

PXg)(Ulg%K) = V] ’ K= {1/ 3}/
r [ij) >0, )Z(f) > t, R,

FX7<§>’§§<i>(U,t|9{K) = W , Kk =1{2,4],
P[X0 >0, X0 > %]

PXS("),X? (U/ tlmk) = \I]K r K= {5}’

where i # j. Therefore, similar to the proof of Lemma 5.1, the pdf of the distances

becomes

d[1 - Fo@R,)]

fXg)(U) = o x ={1,3},
8 [1 - FX(;') X0 (Z), tls]{,{)]

fxg)/%ﬁ(% t) = S0t , K =1{2,4,
d [1 = Fyo 0 (0, tIERK)]

fxo 0 (0, 1) = 00 , k= {5}
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Now, we analyze the conditional success probability P(6). Considering the case
where a user is served from both the network tiers, i.e. i # j, the success probability

given the PPP ®, can be expressed as

2

PO(6) = P[SINRy, > 0l0| = P Z u(QP Il thy| > 0(I+02)
k=i,j

exp[_s[ZZMJJ\@

yECDk

(@) 1
= exp (—SG%) H yl:[q)k T Syk(G)PkIIyII‘”' (5.14)

=, (5.13)

where [ = ), Zye@k yk(G)PkIIyII‘”IhyF denotes the aggregate interference observed
by the user, s = 0/ (PMxi/f + Qngga) and (a) follows from the fact that Ihyl2 are
independent and identical distributed exponential random variables with unit mean.

Hence, the b-th moments of the P (6), are given by

[oe] [ee] b
1
M§75)(9) :f fexp sba | |IEq)k | |[1 . Syk(G)Pk] fXg/l,Xg(U, t)dt)dv

s llyll®
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=z f f exp (—sbon) _zme( () )ydr
N

o b
-2nAspg f(l— = )re’ﬁ’dr
X H e i (1 s ) fXg/lxg (v, t)dt |do,

G

—_
=

where (a) follows from the probability generating functional of a homogeneous PPP
®. By following a similar methodology as above, the b-th moments of the conditional
success probability PgK) (0) can be also derived, where k¥ = {1,---,5}. These proofs

are omitted due to the limited available space. m|

5.4.2 Beta Approximation of Meta-Distribution

Aswe previously mention, the numerical calculation of the exact meta-distribution is
tedious. Fortunately, as authors showed in [177], the meta-distribution can approx-
imated by matching its first and second moments to the Beta-distribution, resulting
in a very tight approximation. The pdf of a random variable X that follows a Beta
distribution with shape parameters y, 6 > 0, is given by

xy—l(l _ x)é—l
B(y,0) '
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where B(:, -) represents the Beta function. The first and second moments of random

variable X, are given by

M= L My L (5.16)
Ty ws TP T yte+1 '
Hence, the shape parameters of the beta-distribution can be re-written as
MM, — M3 1-M)(Mo—M
y = 172 1,6=( 1) (M 1). (5.17)

Mz — M, M3 — M,
The following Theorem provides the meta-distribution of our proposed cooperation

scheme for the considered network deployment.

Theorem 5.1. The approximate meta-distribution for the HC scheme in the context of

heterogeneous sub-6 GHz/mmWave cellular networks, is given by

_ 1 x
PPS(Q)(X) =1- B(’)/ 6) L tV_l(l _ t)é—ldt. (518)

5.5 Numerical Results

In this section, we provide numerical results to verify our model and illustrate the
performance of our proposed scheme in heterogeneous sub-6 GHz/mmWave cellular
networks. The spatial density of the MCell and the SCell tier is Ay = 15 BSs/km? and
Ag = 47 BSs/km?, respectively, with transmit power equal to Py = 30 dB and Ps = 20
dB, respectively. The path loss exponent is set to 2 = 4 and the blockage constant
to p = 0.03. The parameters for the sectorized antenna model are set to Q = 10 dB,

g = —-10dBand ¢ = Z [133]. Unless otherwise specified, we set C = 0.7, 7 = 6 dB and

2
n

0;, = —60 dB. Our results show the good agreement between the theoretical (solid
and dashed lines) and the simulation (markers) results, validating our analysis.
Fig. 5.2 illustrates the network performance achieved with the utilization of
both the proposed HC scheme and the conventional association scheme (C = 1 and
n = 0 dB). For each scheme, we plot the achieved meta-distribution versus the
reliability threshold x, for different blockage constants. We can easily observe that,
by increasing the blockage constant the achieved network performance decreases for
both schemes. This observation is based on the fact that, by increasing the blockage
density, the communication of the users with LoS BSs becomes impossible and thus

the meta-distribution of the conditional success probability significantly decreases.

An important observation from this figure is that, at low reliability threshold values,
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Figure 5.2: Meta-distribution versus x for the HC and maximum-RSS schemes for

different 5; 6 = 0 dB

the conventional scheme provides slightly better network performance compared
to the proposed HC scheme. This was expected, since with the utilization of the
conventional scheme, a user is served by a single BS and therefore the observed
interference is caused by a single network tier. On the other hand, by utilizing the
HC scheme, the observed interference can be caused by both network tiers, resulting
in a reduced network performance. However, by increasing the reliability threshold
beyond a critical point x, our proposed scheme overcomes the conventional scheme,
providing a significantly enhanced network performance. As expected, despite
the strong interference observed in HC scheme, the cooperation technique allows a
larger fraction of users to achieve the desired reliability given an SINR threshold,
providing a significantly improved system performance. Finally, we can easily
observe that the critical reliability threshold point x, reduces with the increase of the
blockage constant. It is straightforward that, by increasing the blockage constant,
the observed interference is significantly mitigated for both schemes, allowing our
proposed HC scheme to overcome the conventional association scheme in lower

reliability threshold values, due to the implementation of the cooperation technique.

Fig. 5.3 highlights the impact of the range of the edge-regions on the network

109



0.9 T T T T

—-—(=1
—a-(=0.5 X
—o——0—o— —0 [
0.85 ’/e/é/" ——C=0 N
4
0.8+ J
E = = = = = £1
S0.75¢ ]
&
0.7+ J
© © © © © ©
065/Q/O’v |
0.6 L L L L
0 2 4 6 8 10
n (dB)
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performance. Specifically, we plot the meta-distribution versus the bias factor n
(dB) for different predefined fraction C. We can easily observe from the figure that,
the meta-distribution increases as the bias factor 7 increases. This occurs since,
larger bias factor leads to a larger edge-region, where a user can achieve higher
signal power and lower interference through the implementation of the cooperation
technique. Moreover, by further increasing the bias factor, the improvement on
meta-distribution becomes marginal. This was expected, since for large bias factor,
the signal strength from another BS is significantly weak and therefore, the joint
transmission can be neglected. Regarding the predefined fraction (, it is clear that,
by increasing the edge-region between BSs from a single tier, the achieved meta-

distribution also increases due to the utilization of the cooperation technique.

5.6 Conclusion

In this chapter, we proposed a novel hybrid BS cooperation scheme in the con-
text of heterogeneous multi-band cellular networks. Our proposed cooperation
scheme exploits the ability of BSs to jointly transmit data in a coherent manner,

aiming at enhancing the performance of the CEUs. Using stochastic geometry tools,
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the b-th moment of the conditional success probability in the context of our pro-
posed technique was derived in analytical expressions. Motivated by the tedious
exact calculation of the meta distribution, an analytical yet simple approximation
of the meta-distribution is calculated using the moment-matching method with the
beta-distribution. Our numerical results reveals that the proposed HC scheme out-
performs the conventional maximum RSS association scheme. A future extension
of this work is the investigation of a general heterogeneous K-tier cellular network
consisting of BSs that operate in different frequency bands and analyzing the effect

of the height difference between the BSs.
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Chapter 6

FD-JCAS techniques for mmWave
HetNets: Ginibre point process

modeling and analysis

In this chapter, we investigate the co-design of FD radio with JCAS techniques in
mmWave HetNets. Particularly, we propose a novel cooperative detection tech-
nique, which exploits the sensing information from multiple remote radio units
(RRUs), aiming at enhancing the detection performance. Three hard-decision com-
bining rules are considered, namely the OR, the Majority and the AND rule. In
real-world network scenarios, the locations of the RRUs are spatially correlated, ex-
hibiting a repulsive behavior. Therefore, we model the spatial distribution of the
RRUs as a f-GPP, which can characterize the repulsion among the RRUs. By using
stochastic geometry tools, analytical expressions for the detection performance of
B-GPP-based FD-JCAS systems are expressed for each of the considered combining
rule. Furthermore, by considering temporal interference correlation, we evaluate
the probability of successfully detecting a target over two different time-slots, and

provide analytical expressions for each combining rule.

6.1 Motivation and Contribution

Emerging applications such as smart cars, UAV and enhanced localization, lead to
an ever-increasing demand for systems with both communication and radar sensing

capabilities [25,178,179]. In order to address this demand, JCAS techniques have

113



been developed, integrating the two operations of communication and sensing over
a shared spectrum. The concept of radar sensing refers to the use of radio sig-
nals in order to retrieve short-range environmental information through measuring
various parameters, such as an object’s location, moving speed, and shape [180].
As an emerging research topic, the spectrum sharing of JCAS techniques enables
the efficient use of the available spectrum, and provides a new way for designing
and modeling novel network architectures and protocols that can benefit from the
synergy of communication and radar systems.

The main challenge for the joint operation of communication and radar sensing
systems over a shared spectrum is the negative effects of the mutual interference be-
tween the two systems, which significantly alleviates the network performance [181].
Therefore, the employment of interference mitigation techniques is of paramount
importance in the context of JCAS systems. Nevertheless, the exploitation of co-
operative techniques aiming to mitigate the overall interference and enhance the
network’s detection performance is missing from the current literature.

Efficient spectrum utilization is another key issue for JCAS systems that needs
to be addressed. Spectrum efficiency in wireless communication systems can be
significantly improved by operating in a FD mode, which is being considered for
the next-generation wireless systems. However, as we mentioned in the previous
Section, the performance of FD radio in large-scale multi-cell networks is also com-
promised by the increase of the intra- and out-of-cell co-channel interference. Several
research efforts have been carried out to study the effect of multi-user interference
on the FD performance for large-scale wireless networks, and several techniques
have been proposed to mitigate the additional interference caused by the FD opera-
tion [163,182].

The requirements of next generation cellular networks in massive connectivity
and high throughput, motivate the operation of mmWave frequency bands and
their heterogeneous deployment. MmWave communications are considered as a
suitable environment for integrating FD-JCAS systems due to their unique features,
such as the large available bandwidth and the antenna directivity, which can boost
the quality of the direct link [178]. In particular, the large available bandwidth of
mmWave communications can lead to multi-Gbps rates, which is essential to satisfy
the high-capacity requirements of emerging applications in FD-JCAS systems, such

as fully-connected vehicles, UAV and robotics [183]. Furthermore, recent studies
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have shown that the higher path-losses of the mmWave signals and their sensitivity
to blockages, can improve the network performance by mitigating the overall in-
terference [84,184]. Therefore, the modeling and the analysis of FD-JCAS systems
in the context of mmWave cellular networks, is of critical importance in order to
support the massive data-rate demands of emerging applications and combat the
severe multi-user interference. Even though FD-JCAS systems are well-investigated
for sub-6 GHz applications, few works deal with their operation in higher frequency
bands, which neglect the negative effects of the SI link on the overall network per-
formance.

Although the PPP has been widely adopted as a model for wireless networks
due to its analytical tractability, it fails to characterize the correlation among the
locations of the network’s nodes, since the nodes are located independently of each
other. However, in many practical networks, the locations of the nodes are deter-
mined to alleviate the interference or extend the coverage region, and therefore there
exists a form of repulsion among the network’s nodes. Recently, the GPP [47], which
is a type of repulsive point process with analytical tractability, has been advocated
to model random phenomena where repulsion is observed. Existing studies have
applied the GPP [50], the a-GPP [67], and the -GPP [185] for modeling the spatial
distribution of base stations in conventional wireless networks, analyzing the impact
of repulsion between the network’s nodes on the achieved performance. In addition
to the spatial correlation between the network’s nodes, the presence of common ran-
domness in the locations of the interfering nodes induces temporal correlation in the
observed interference [186]. Although there has been substantial work quantifying
interference correlation in wireless network [186,187], the investigation of temporal
correlation in FD-JCAS systems has been disregarded.

To the best of our knowledge, the spectrum co-existence of FD-JCAS systems
in the context of heterogeneous mmWave cellular networks, where the network’s
nodes experience a repulsion between each other, is overlooked from the literature.
In addition, the effect of SI and temporal interference correlation on the achieved
performance of the FD-JCAS deployments has not been investigated. Therefore,
the aim of this work is to fill this gap by modeling and analyzing such networks
and by providing new analytical results for the network performance in a stochastic
geometry framework.

The main contributions of this chapter are summarized as follows:
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e We develop a novel analytical framework based on stochastic geometry, which
comprises the modeling of spectrum sharing FD-JCAS systems in the context
of HetNets-mmWave. In particular, we consider a JCAS system, where all
RRUs exhibit detection capabilities, of which a fraction also exhibit DL com-
munication capabilities by exploiting the concept of FD radio. We assume that
all network’s nodes employ directional antennas, whose communication and
radar sensing signals are affected by the presence of blockage effects. In addi-
tion, since real network deployments form a more regular point pattern than
the PPP, the developed framework takes into account the correlation among

the locations of the RRUs by modeling their spatial distribution as a -GPP.

e A novel cooperative multi-point radar detection (CoMRD) technique is pro-
posed, aiming at providing an enhanced detection performance. In particular,
our proposed technique exploits the sensing information from a set of pre-
selected RRUs, consisting of the closest RRU to the target from each network
tier, in order to alleviate the overall interference of the network. Three hard-
decision combining rules, namely the OR, the Majority and the AND rules, are
analyzed. Analytical expressions for the detection performance are derived
for each of the considered hard-decision combining rules. Moreover, since the
p-GPP includes the PPP (f — 0) as a special case, we derive simplified analyt-
ical expressions for the scenario where the RRUs are independently deployed
within the network area. In addition to the spatial correlation of the RRUs, the
temporal correlation of the observed interference is also investigated, and ana-
lytical expressions of the joint detection probability over different time slots are
derived. The derived analytical expressions provide a quick and convenient
methodology of evaluating the system’s performance and obtaining insights

into how key parameters affect the performance.

e Thebehavior of the detection performance achieved by our proposed technique
for the considered combining rules is analyzed for different system parameters
such as the total number of network tiers, the repulsion parameter, the block-
age density and the fraction of JCAS-enabled RRUs. We demonstrate that our
cooperative technique can significantly improve the detection performance in
the context of the considered network deployments, when compared to the

conventional non-cooperative radar detection technique. In addition, our nu-

116



m \\\\A y
§3 i___)Targe/\ Macro-cell A
l = /1 RRU

: : \

bl
Micro-cell |

RRU

Fusion Center

Figure 6.1: Network topology of a two-tier FD-JCAS system in mmWave cellular

networks.

merical results illustrate that a repulsive deployment of RRUs is beneficial for
the detection performance, since by increasing the distance of an interfering
link results in a reduction of the caused interference. We also demonstrate
the negative effects of the blockages and the residual SI on the detection per-
formance. Furthermore, we show that the temporal interference correlation

significantly impacts the network’s detection performance.

6.2 System model

In this section, we provide details of the considered system model. The network is
studied from a large-scale point-of-view leveraging tools from stochastic geometry.
In order to model and analyze the spectral coexisting communication and radar
systems in the context of heterogeneous mmWave cellular networks, an FD-JCAS
system is investigated, where the mmWave RRUs have two operations i.e., DL

transmission and target detection.

6.2.1 Topology model

In this context, we model the spatial distribution of the RRUs that belong to the k-th
tier i.e, k = {1,---,1n}, according to a f-GPP denoted as @, = {Xj; € R? j € N*}
with density A, and repulsion parameter S i.e., ®x ~ GPP(Ag, fr). We assume that
the RRUs are connected to a central unit, also known as fusion center (FC), through

an ideal report channel [188]. We denote by C, the set of 1 cooperative RRUs,
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that share their sensing information to the FC for the cooperative detection of a
target. We assume that the locations of the targets follow a PPP @, with spatial
density A; < ZZ=1 Ar. Note that, within this chapter, we investigate the detection
of a target, which may be a building, a user, an obstacle, etc, depending on the
considered application. In addition to the target detection, a fraction of RRUs is
also exhibits communication capabilities, serving their associated users in the DL
direction by implementing the FD-JCAS scheme. Specifically, an RRU that belongs
to the k-th tier, exhibits both communication and radar sensing capabilities based on
a predefined probability xj, otherwise, it solely exhibits sensing capabilities. Fig. 6.1
shows a realization of a two-tier mmWave cellular network i.e, 1 = 2, consisting of
macro-cell and micro-cell RRUs, where solid and dashed lines represent the radar
sensing and the communication signals of an RRU, respectively. In addition, the set
of 1 cooperative RRUs is illustrated with a shaded area. Based on the stationarity of
the f-GPP and without loss of generality [47], we assume the existence of a typical
target at the origin.

We adopt a blockage model for modeling the sensitivity of the mmWave signals
to the existence of blockages. In particular, we consider the generalized LoS ball
model proposed in [115], where a link of length R is in LoS state with probability
p(R) = proslrex. In this chapter, the interference effect from the NLoS signals is
ignored, as we assume the dominant interference is caused by the LoS signals [115].
Regarding modeling the antenna directionality of the RRUs, we adopt an ideal cone
antenna pattern [188]. The antenna array gain is parameterized by two values: 1)
the main-lobe beamwidth ¢ € [0, 2], and 2) the main-lobe gain G (dB). We assume
that perfect beam alignment can be achieved for the links between each target and
its cooperative RRUs, using the estimated angles of arrival. Similarly, perfect beam
alignment can be also achieved for each user and its serving RRU. On the other hand,
the beams of interfering links are assumed to be randomly oriented with respect to
each other.

It is important to mention that, an interfering RRU causes interference to another
node only if the alignment of their two randomly oriented antenna patterns overlap
and their link is LoS; by simple geometrical arguments, this event has probability,
%pms. Thus, for each -GPP @, where k = {1,---, 1}, the active interfering RRUs
from that network tier form a §-GPP D, with inhomogeneous density function Ae(r) =

AkaOs%]lrsgn and repulsion parameter f i.e., 5;{ ~ GPP (xk(r), ﬁk) [47]. In the context
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of the considered system model and based on Section 2.4.3, we denote as {E;i}jen+,
the set of discrete random variables for the k-th tier, such that P (E ik = 1) = Pk
and P (E k= O) = 1 — fx. In addition, for CI~>k, we define a set of independent Gamma
random variables {Bjx}cn+, where Bjx ~ G ( 7, P/ (nxk(y))) and Xk(y) = )\kaog,%]l <V
Based on the aforementioned, the pdf of B for the k-th tier is given by the Proposition
2.1.

6.2.2 Channel and power control model

All wireless signals are assumed to experience both large-scale path-loss effects and
small-scale fading. We assume that the small-scale fading between two nodes is
modeled by Rayleigh fading, where different links are assumed to be independent
and identically distributed. Hence, the power of the channel fading at the time slot
7 is an exponential random variable with unit mean i.e., h; ~ exp(1). For the large-
scale path-loss between nodes X and Y, we assume a bounded path-loss model,
L(X,Y) =1/ (e +IX = Y]|"), where a > 2 denotes the path-loss exponent and € > 0.
For simplicity, the path-loss between the node X and the origin is denoted as L(X)
i.e., L(X,0) = L(X). The spectrum co-existence of radar and communication systems
using non-orthogonal channels causes the existence of SI between the output and the
input antennas of the communication and radar systems, respectively. Regarding
the channel between radar and communication antennas, we assume that the RRUs
employ imperfect cancellation mechanisms [182]. As such, we consider that the
residual SI channel coefficient follows a Nagakami-u distribution with parameters
(y, ogl), where 1/0%; characterizes the SI cancellation capability of the RRUs. There-
fore, the power gain of the residual SI channel follows a Gamma distribution [182]
with mean y and variance o3,/ i.e., gs1 ~ G (y, %gl)

We assume that all RRUs that belong to the k-th tier, where k = {1,--- , 7}, are
allocated with the same transmit power Py, where P, > P; for k < i. Due to the over-
whelming negative effect of the SI at the radar’s receive antenna, the DL power con-
trol for the communication system is of paramount importance. Hence, we assume
that all RRUs which implement the FD-JCAS scheme, utilize distance-proportional
fractional power control for their DL communication with their associated LoS user,
which is located at a fixed distance R. The power control scheme aims at compen-

sating the large-scale path-loss and maintaining the average received signal power
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Figure 6.2: The considered FD-JCAS scheme. The first row is the transmitted radar
signal and the echo from a target. The second row is the transmitted communication

signal.

at their associated LoS user equal to p [163]. To accomplish this, an RRU which is
at a distance R from its associated LoS user and with path-loss equal to 1/ (¢ + R?),
adapts its transmitted signal power to p (e + R, where 0 < ¢ < 1 is the power
control fraction. Based on the general power control mechanism, the transmis-
sion power allocated to an RRU that belongs in the k-th tier, can be expressed as
ﬁk(R) = min{p (¢ + R?)°, P}, where the RRUs which are unable to fully invert the
path-loss, transmit with maximum power Py. For the detection system, we consider
a fixed power transmission allocation scheme i.e., RRUs from the k-th tier transmit

with power P.

6.2.3 Detection model

As shown in Fig. 6.2, at the beginning of the considered time slot 7, we assume
that all cooperative RRUs firstly broadcast a narrow pilot sequence towards their
main-lobe direction. Over the subsequent time slot, the cooperative RRUs measure
the reflected signal power received within their main-lobe direction. If a coopera-
tive RRU implements the FD-JCAS scheme, this particular RRU also performs DL
transmission to satisfy its associated user (see details in Section 6.2.4). Let SINR},

represents the effective SINR of the target detection process for the cooperative RRU
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Xk € Ek, where j € IN¥, at the time slot 7. Then, the SINR of the reflected signal

power, is given by

T S(Xj,k/ T)
SINR?, = 5 (6.1)
P IT(Xk, 1) + Ist (R, k) Tycas + o7,

where S(Xx, ) represents the reflected signal power received at the cooperative
RRU X, and is equal to S(Xjx, 7) = PkGZ%hTL2 (Xj,k) 1jx,1<n based on the well-
known range equation [188]; ¢ = c¢/(4nf)?, where c is the speed of light, f is the
carrier frequency and A is the cross-section area of the typical target; 1;x ,<x is the
indicator function that models the LoS region, and o2 denotes the variance of the
thermal noise. Moreover, 1jcas represents the indicator function of the event “the
cooperative RRU X implements the FD-JCAS scheme”. Due to the non-orthogonal
operation of communication and radar systems, the residual SI observed at the
receive antenna of the radar system after the SI cancellation is equal to Ig(R, k) =
Py (R) gs1 = min{p (€ + R?)", Pi}gs1, where gg represents the power gain of the residual
SI channel. Regarding the observed interference at the time slot 7 i.e., 7 (X, 7), the
cooperative RRU at X, € @y, receives the aggregated interference caused by the
nearby RRUs X;, € EZ, where z = {1,---, n}. Based on Campbell’s theorem [47] and
with the aid of the motion-invariant property of the f-GPP [47], we focus on the
interference at the cooperative RRU’s location X € 5;(, but without considering its
contribution to the interference. Specifically, the overall interference observed by

the cooperative RRU X, at the time slot 7, can be expressed as

n
_Z—(X]',k, T) = Z Z PZszgTL (Xi,z) ]l”Xi,Z”Sm, (62)

z=1 ieN*
where ¢; denotes the channel power of the link between the interfering and the

cooperative RRUs at the considered time slot 7.

6.2.4 Communication model

Each cooperative RRU implementing the FD-JCAS scheme, performs DL transmis-
sion to satisty its associated user, which is located at a fixed distance R. Regarding
the observed interference of a user, we assume that the interference caused by the
neighboring targets due to the reflected radar signals is negligible and the dominant
interference is caused by the RRUs. This is based on the fact that, the decay of the

reflected signal power is higher than the decay of an interfering signal power caused
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by an RRU, due to the larger distance the reflection signal must travel. Without loss
of generality and by following Slivnyak’s theorem, the analysis concerns the typical
user located at the origin but the results hold for all nodes of the network. Let SINRY
represents the DL SINR observed by the typical user at the time slot 7, which is

associated with a cooperative RRU X € 5;(, where || X ;|| = R, and is given by

P(R)G?h,L(R
SINRP = (. )n (R) ,
Z\ P(R)G?g:L(Xix)Ljcas + X Yien+ P2(R)G?:L(Xiz)Ljcas + 02
ieN*\j =1
z#k

where J1; and Q. are the power gain of the channels between the typical user and its
serving and its interfering RRUs, respectively, and E(R) denotes the transmission
power allocated to an RRU that belongs in the k-th tier, based on the power control
mechanism. Hence the DL coverage probability of the typical useri.e., P[SINR” > 0],

is evaluated in the following proposition [68].

Proposition 6.1. The DL coverage probability of the typical user, is given by

IP[SINRD>6]—exp( M)H S, f B )
i€N*

P«(R)G? w1t —E’ kf“f)z
ety
5fBlz(y
X H H 1+ sP,(R)G2 dy |,
i#llc ‘N 0 (e+y2)

where fp, (u) represents the pdf of the B-GPP distributed points, which is given in Proposition
2.1.

In the context of f-GPP deployments, the DL coverage performance is a well-
investigated metric within the literature [47,67,68]. Therefore, the focus of this
chapter lies in evaluating the achieved detection performance of the FD-JCAS sys-
tems for the considered network deployments, where the communication operation

is indicated by the existence of the residual SI at the cooperative JCAS-enabled RRUs.

6.3 Cooperative multi-point radar detection technique

In this section, we introduce the proposed CoMRD technique in the context of hetero-

geneous mmWave cellular networks. Our technique exploits the cooperation among
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randomly located RRUs that belong in different network tiers, aiming at enhancing
the network’s detection performance. Specifically, our proposed technique is based
on a two-level procedure: (i) pre-selection phase, and (ii) decision phase, which are
described in detail in the following discussion. In addition, analytical expressions
are derived which will be useful for evaluating the network’s detection performance
in Section 6.4. Throughout this chapter, we will denote by 7, the distance between
the origin and an RRU that belongs to the k-th tier and is located at u € 5;( ie.,

ru = lull.

6.3.1 Pre-selection Phase

Initially, a set of cooperative RRUs is pre-selected, consisting of the n RRUs that
satisfy the rules of the adopted pre-selection policy. Specifically, according to the
rules of the adopted pre-selection policy, from each network tier k € {1, - - - n}, asingle
RRU is selected, denoted as X; € @;. Hence, the set defined by the pre-selected RRUs
from all network tiers, represents the set of cooperative RRUs for the target detection
ie,C={X,kel{l, - nl} cU_

In this chapter, we consider the case where the set of cooperative RRUs for the
detection of their associated target, consists of the closest LoS RRU to the target from
each network tier. This pre-selection policy requires an a priori knowledge of the
location of the RRUs, which can be obtained by monitoring the location of the RRUs
through a low-rate feedback channel or by a global positioning system mechanism.

Hence, the set of 1 cooperative RRUs, is defined as

C=1:X;: X =argmin || Xyl k={1,---,n},je N*}, (6.3)

X:

ik E(I)k

where X; represents the location of the closest LoS RRU to the target from the k-th tier.
It is worth mentioning that, the adopted pre-selection policy is ideal for scenarios

with low mobility, since it does not consider instantaneous fading.

6.3.2 Decision Phase

At the second-level phase, each cooperative RRU takes an independent binary de-
cision regarding the presence of a target based on the observed SINR. Let H, and
H, represent the hypotheses made by each cooperative RRU, when it senses the
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absence and the presence of the typical target, respectively. In particular, the cooper-
ative RRU at X; € C from the k-th tier selects the hypothesis #{;, when the observed
SINR exceeds a pre-defined threshold ¥ i.e., SINR;/k > 9, otherwise, the cooperative
RRU selects the hypothesis H,. Hence, the binary decision of the cooperative RRU

at X;, is defined as

O, if 7’{0 hOldS,
5¢ = (6.4)

1, if H; holds,

where k ={1,--- ,n}.

Thereafter, all local sensing informations from the cooperative RRUs are shared
to the FC via an ideal report channel. In order to enhance the overall detection
capability of the considered network deployment, the FC makes the final decision
by combining all sensing information based on an adopted hard-decision combining
rule. Specifically, the FC makes its decision according to the number of RRUs
claiming the presence of their associated target. We adopt a generic x-out-of-n
combining rule, where the FC decides that the typical target is present, if and only if
the x or more cooperative RRUs decide the hypothesis ;. Hence, the final decision
of the FC at the time slot 7, conditioned on the cooperative RRUs’ locations, is given
by

10

Ui 1
0,
Pa(S, %, Tlrx) = )| (’Z) [ 125, tlr) (1= P4, ) (6.5)

t=x k=1

where k € INY, ry = {T’X;, e 'rXE} represents the set of the distances between the
typical target and its cooperative RRU from each tier, and P%(9, Tlrx:) is the condi-
tional detection probability achieved by the cooperative RRU that belongs to the
k-th tier. In this chapter, we assume that the typical target is successfully de-
tected from its cooperative RRU from the k-th tier, if the effective SINR observed
at the particular cooperative RRU is greater than a pre-defined threshold 9§ i.e.,
7)’;(8, T|1’X}:) =P [SINR}/,{ > 8] [48,74]. Note that, 6, is the detection decision of the
cooperative RRU at X; € C for the considered combination. It is important to men-
tion here that, if ¥ = [ﬂ, the rule is referred as the Majority rule, if k = 1, the rule is

referred as the OR rule, and if x = 1, the rule is referred as the AND rule.
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6.4 Detection Performance with CoOMRD technique

In this section, we analyze the SINR distribution for the considered mmWave hetero-
geneous cellular network, where the RRUs from the k-th tier are deployed based on
a p-GPP with repulsion parameter i, where k € {1,--- ,n}. We first define the SINR
complementary cumulative distribution function (ccdf), and then the Laplace trans-
form of the overall interference function is characterized. Without loss of generality
and following Slivnyak’s theorem [47], we execute the analysis for the typical target
located at the origin but the results hold for any target in the network. Using the
proposed CoMRD technique that is described in the previous section, the network’s
detection performance of each hard-decision rule is derived analytically by using
stochastic geometry theory.

For the considered network deployment, the reflected signal power received at

the cooperative RRU X, from the k-th tier at time slot 7, can be expressed as
—_ ~1 1
S(B]‘,k, T) = Pka)hTLZ (sz,k) ]lﬁj,kﬁ VR = Pka)hTLz (B]2,k) ‘:'j/k]lBj,ks Nt (66)

and the observed interference caused by the nearby active interfering RRUs at time

slot 7, can be re-written as

I(Ej,k/ T) = szg,[ i Z P.L (El%,z) ]lﬁi/zs\/ﬁ

z=1 ieN*
= G¥g, Z]" Y pL (B%) S P 6.7)

z=1 ieN+
where k,z € {1,---,n},i,j € N, E;; denotes the discrete random variable of the j-th
RRU from the k-th tier, i.e &, = {0, 1}, and R represents the radius of the LoS region.
The following lemma provides the detection probability, (9, t|B;x), achieved by
the cooperative RRU X, € 5;( at the time slot 7, in the context of heterogeneous

mmWave cellular networks, where the RRUs are deployed based on a g-GPP.

Lemma 6.1. The conditional detection probability achieved by the cooperative RRU at
Xjx € @y at the time slot T, where the RRUs are distributed according to a p-GPP, is given

by
PES, TIBjx) = Prexp (=502) L1(s,7) (tiLiy (8) + 1= x1), 6.8)

where Ly (s, T) represents the Laplace transform of the overall interference function at the
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time slot T, and is given by

! B )
LI(S,T):EEL;L 1-5+f0 %dy , 6.9)
€+y2

and the Laplace transform of the SI, Ly, (s), can be expressed as

u
[
Ly, () =( . - ) , 6.10
fa ( u + so% min{p (e + R%)", Py} (6.10)
S(€+B‘%k)2 C . L A
where s = = —— and fy,,(u) represents the pdf of the p-GPP distributed points, which is

given in Proposition 2.1.

Proof. Conditioned on whether the considered RRU X implements the FD-JCAS
scheme or not, its achieved detection performance, conditioned on its location, can

be expressed as

a \—2

Piwh. (€ + BZ,)

P8, 7|Biy) = xi P >
A B = X | R R+

Prawh. (e + Bfk)_2

I(Bjj, 1) + 03

+(1 - xoP > 9

a \—2
Pyl (€ + B2,)
= P % > 9125 = 1| P[Ejx = 1]
I(Bjx, 1) + Isi(R, k) + 07, ' ’

a \—2
Piwh (€ + B2,)
+ (1= x)P -

> 9|2 = 1|P[Ej = 1]

I(Bjg, ) + 02
a\2
S(e+B) i
= Xl e 2 ——5— (Z(Bjx, 7) + Is(R,K) + 02)
a\2
8(6+B]?k) )
+ (1= PP |Ie > —5— (ZBj, 1) +?) (6.11)
s2(e+BL))  (s(e+BL) 9(e+BLY)
el a2 (e+ j’k) . (e+ ].’k) 1, (e+ ].,k)
= XxPrexp P T P 2l
a \2 a \2
902 (e +B2,) 9(e+B2)
1- —— — 12
+ (1 = xi)rexp e Lr P | (6.12)
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where (6.12) follows from the fact that /i, is an exponential random variable; L7(-, 7)
and L () are the Laplace transforms of the overall interference function at time slot

7 and SI, respectively.

2

a
S(e+Bj2k)

Lets = 5o
k@

, then the Laplace transform of the overall interference, is

LI (S/ T) =

|
vy
[
b
o)
—_—
&
—_—
1=
g
N
()
~
oqQ
3
h
—_
o
; Nl—
SN—
&
N
=
=
"
5
~———
—

=TI1T1 E [eXp (_SPszngL (Bi%,z) E'i'z]lBizS \@)]
BN |
L ]
_ (ﬁZIE [exp (—SPZszgTL (BEZ) ]lB,'ZS‘/ﬁ)] +1-— ﬁz) (613)
1 |
S — p-
] | E 1 (6.14)
1111 1+sP.GL (Bgz) 1, . w
o B,
STIIT e [ ] o)
=1 i o 1+3F
€+y2

where (6.13) is derived based on the f-GPP properties, (6.14) is due to the moment
generating function of an exponential random variable, and (6.15) uses the distance
distribution of g-GPP deployed RRUs, which is calculated in Proposition 2.1. Hence,
the expression (6.9) is derived. Regarding the expressions for the Laplace transform

of the SI function, it can be expressed as
L, (s) = E[exp (—slsi(R, k))] = E [exp (—s min{p (€ + R")", Px}gs1)], (6.16)

where gg is the residual SI channel that follows Gamma distribution i.e., g5 ~
G (y, %g‘) By applying the Alzer’s lemma [47], in order to approximate the Gamma
random variable with a weighted sum of the cumulative distribution functions of
exponential random variables, we conclude to the expression (6.10) for the Laplace

transform of the SI function. m|

It is noteworthy to mention that the Laplace transform of the overall interference
function in (6.9) is a decreasing function of . This can be explained by the fact
that, the distance between the cooperative RRUs and their interfering RRUs becomes
largeras p — 1. Specifically, when p becomes larger, the RRUs exhibit more repulsion
and tend to be distributed more uniformly. This leads to an increase of the distance

between the cooperative RRUs and their interfering RRUs, resulting in a decreased
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overall interference. We now state our main result for the detection probability
achieved by our proposed CoMRD technique in the context of f-GPP heterogeneous

mmWave cellular networks.

Theorem 6.1. The detection performance achieved by the CoOMRD technique at the time slot

T, is given by

n n n VR ‘ -
Pd(S,K,T)ZZ(t)H(Z fo PES, tlu) (1 - P, Tlw))  fo, (wdu|, (6.17)
k=1 \ jeN*

t=x
where PX(I, T|u) represents the achieved detection performance of the cooperative RRU
Xk € Dy at the time slot T, and f5,,(u) represents the pdf of the B-GPP distributed points

which is given in Proposition 2.1.

Proof. By substituting the expression of Lemma 6.1 in (6.5), and by un-conditioning
the derived expression with the pdf given by (2.1), the result in Theorem 6.1 follows.

O

To illustrate the effect of repulsion between the RRUs on the achieved detec-
tion performance, we also evaluate our proposed technique in the context of PPP
heterogeneous mmWave cellular networks. As we previously mentioned, the in-
dependent deployment of RRUs i.e., the RRUs are spatially distributed based on a
PPP, is a special case of the considered p-GPP deployment, where § — 0. Let a PPP
W, = {X; € IR?}, that denotes the spatial location of RRUs that belong to the k-th tier
with density Ay. Similarly as before, for each PPP Wy, a PPP \I’k with inhomogeneous
density function Kk(r) = /\kaos%]lrgm is formed, due to the effects of blockage and
the antenna directionality. Hence, the pdf of the distance between the typical target
and its closest LoS cooperative RRU X from the k-th tier, is given by

for(r) = Aprosprexp (_Akaosgrz) Ti<w- (6.18)

Let rx, represent the distance between the typical target and its closest LoS coop-
erative RRU from the k-th tier. In the following corollary, we evaluate the Laplace
transform of the overall interference in the context of network deployments without

repulsion between the RRUs.

Corollary 6.1. When § — 0, the Laplace transform of the observed interference at the time
slot 7, is given by
n c

~ ¢ 2 2+a R
Lr(s,7)= H exp (_AZPLOSESRZ (1 - oG, Z))ZFl ll, P G, z)]) ’ (6.19)

z=1
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9
where Q(s, i) = G*(P;s + ¢, s = (

_ Al2
e ,anda)—4nG.

In the following corollary, we state the achieved detection performance of our
proposed technique, when the RRUs are deployed based on a PPP by assuming
g— 0.

Corollary 6.2. When p — 0, the detection performance achieved with the COMRD technique

at the time slot t, is given by

n

U R i
Pi(3,x,7) = Z (Tt]) H f(; (L[(S, T) exp (—sai) (kL (5) +1 - )(k))bk
k=1

t=x

x (1= Zz(s, 1) exp (=s02) (teLiy &)+ 1= 1)) S, (0w, (6.20)

S(e+u")?
Pk(u 4

where s = w = ALG% L:(, 1) and L, () represent the Laplace transforms of the
observed interference at the time slot T and of the SI, respectively, and fg (1) is given by

(6.18).

6.5 Temporal Correlation of Radar Detection Perfor-

mance

Even though we assume that the channel fading between different time slots is inde-
pendent, the interference caused at a certain location is correlated across the time for
the same network realization due to the fixed locations of the RRUs. Specifically, by
assuming a static target, a fraction of the interfering RRUs at a given time slot might
also cause interference at the particular target in future time slots, which introduces a
temporal interference correlation that needs to be taken into account. In this section,
we study the impact of the temporal correlation between two arbitrary time slots at
the typical target. Based on the temporal correlation of the interference, we derive
the conditional detection probability achieved with our proposed technique, such
that an earlier transmission at the same location was successful. It is important to
mention here that, the following analysis captures the pairwise temporal correlation
across any two time slots as long as the spatial location of the receiver is fixed.
Consider a static target scenario, where the typical target remains static at the
origin for multiple time slots. For this scenario, we study the ability of our proposed

technique to successfully detect the typical target over different time slots. Let
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P9, T,ﬂXj/k) denote the probability of the cooperative RRU Xj; € 5;( to jointly

detect its associated target at both time slots 7 and T, which can be expressed as
Pa(®,7,71X;1) = P[SINRY, > 8,SINR}, > 9], (6.21)

where T # 7. In the context of f-GPP heterogeneous mmWave cellular networks,

this probability can be expressed as follows

Pa(S,7,TIBjx) = P[SINRY, > 9, SINRY > 3]
=P[SINR’, > §,SINR, > 8|2 = 1| P[Z; = 1]

l S(Bj,k/ T) > S(B]',k/a
T(Bjx, ©) + Isi(R, k) jcas + 03— T(Bjx,7) + Isi(R, k) Ljcas + 03

> 9| (6.22)

:;8113

where (6.22) is derived by substituting (6.1) for different time instances 7 and 7.
Since h, and /i are exponential random variables with unit mean, the joint detection
probability, conditioned on whether the considered cooperative RRU X, employ

the FD-JCAS scheme or not, can be expressed as

Pai(S, T,ﬂBj,k) = Prexp (—250%) ()(k<.£151(5))2 +1- )(k)
X P [ 2 sI(Bjs, 1), iz 2 sI(Bjs, D]
= ﬁk exp <_250i) (Xk(‘LISI (S))2 +1- Xk) ‘[ff(sl T/”a/ (623)

where £L(s, 7,7) is the joint Laplace transform of the interference functions at the time
slots 7 and 7, and is equal to L(s,7,7) = P [hT > sI(Bjx, 1), hz > sT (B]-,k,’ﬂ]. In the
following lemma, the expression for the joint Laplace transform of the interference

functions at the time slots T and 7 is evaluated.

Lemma 6.2. The joint Laplace transform of the interference functions at the time slots T and
T, is given by
2

L1657 = f 1T - — sz fo. W)y, (6.24)

z=1 ieN* €+y2

2
S(e+B 2 )
Pra

where s = ,w=42G? and 5, (1) represents the pdf of the B-GPP distributed points,

which is given in Proposition 2.1.

Proof. Initially, since h, and h; are independent for 7 # 7, the joint Laplace transform

of the interference functions at the time slots t and 7, is given by

eXP[_SZZPGngT ( %):lz B, <W—J

z=1 ieN*

.L_T(S, T,/ﬂ =E
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X exp (—s Z Z P.G*g:L (Bliz) Bizlp, o ‘/ﬁﬂ

z=1 ielN*
2

: p
=E|[]]]]|t-5+ - (6.25)

2
- f H H 1-p+ o GZZ fo,.(y)dy, (6.26)

0 z=1 ieIN* E
dle B.% ’

where s = ( ;k aﬁk) , (6.25) follows from the moment generating functional of the

exponential random variables /i, and k7, and (6.26) is derived by un-conditioning

the expression with the pdf fp,_(v), which is evaluated in Proposition 6.1. m|

By substituting (6.26) in (6.5), and by un-conditioning the derived expression
with the pdf given by (2.1), the joint detection probability for the time slots 7 and T

can be expressed as
\/_

Pa(d,%,7,7) = Zn:( ) Z fﬂo 9, T, T|u)* (1 50" 9, TA|M)) fB]k(u)du ,

t=x k=1 |\ jeN* 3
(6.27)

where w; denotes the weight of the cooperative RRU u € 5;(, and fBj,k(u) denotes the
distance distribution between the cooperative RRU u € @ and the typical target.
The following theorem characterizes the detection probability at the time slot 7,
conditioned on the detection probability at the time slot 7, in the context of our

proposed technique and in a §-GPP deployment.

Theorem 6.2. The achieved detection probability with the COMRD technique at the time
slot T, conditioned on the detection probability at the time slot T, is given by

pd(sl K, T/”:[)
PiS,x,7)

where Py(9, x, ) and Py(9, x, T,7) are given by (6.17) and (6.27), respectively.

Pa(d,x,T|T) = (6.28)

In order to illustrate the effect of temporal correlation on the detection perfor-
mance, we introduce the ratio of the conditional and the unconditional detection
probability, that is given by

£ = P(9, %, TI7)
PO, K, 1)
PO, x,1,7)

= P L (6.29)
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Remark: From (6.29), if the target detection process succeeds at the time slot 7, there
is a higher probability that the target detection process succeeds at future time slots

—

T.

Remark: From (6.29), we can easily observe that (9, x,7|t) > P(9,, 7). Particu-
larly, a failure in the target detection by the CoMRD technique at the time slot 7,

results in a more likely target detection failure at future time slots 7.

6.6 Numerical Results

In this section, we plot the analytical results derived in the previous sections along
with the simulation results obtained from Monte-Carlo trials. We focus on the special
case of a 3-tier HetNet, i.e. 7 = 3, where their spatial densities are A; = 1 RRUs/ km?,
Az = 2RRUs/km?, and A3 = 4 RRUs/km?, respectively, with transmit power equal to
Py =15dBm, P, = 10 dBm, and P3; = 5 dBm, respectively. Regarding the repulsive
behavior between the RRUs, we assume that the repulsive parameter of all tiers is
equal to f = 09i.e., fr = p = 0.9 Vk. For the large-scale path-loss, we assume a = 4
and € = 1. The power control factor is ¢ = 0.9 and all RRUs have the same receive
sensitivity p = —40 dB [163]. The SI capabilities of RRUs are set to 03, = —60 dB and
u = 4 [163]. The parameters for the sectorized antenna model are set to G = 10 dB
and ¢ = % for the main lobe gain and the main lobe beamwidth, respectively [131].
In terms of modeling the blockage sensitivity of mmWave signals, we assume that
within a disk of radius R = 400 m around the typical target, a fraction equal to
Pros = 0.7 of RRUs is in LoS. Unless otherwise specified, the fraction of JCAS-capable
RRUs is set to xy = 0.8. Finally, we set A = 10 dB, f = 30 GHz, and 02 = —60 dB [188].
It is important to note that the selection of these parameters is for the purpose of
presenting the achieved performance of our proposed framework. Using different
values will lead to a shifted network performance, but with the same conclusions
and remarks.

Fig. 6.3 illustrates the detection performance achieved with our proposed tech-
nique for all three hard-decision combining rules and for different repulsion param-
eter values. An important observation from this figure is that the OR combining
rule achieves a significantly higher network detection performance, outperforming

the other two. This observation is based on the fact that, for the scenario where
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Figure 6.3: Detection probability versus ¥ for the considered combining rules, where

B =10.3,0.6,0.9}.

the FC adopts the OR rule, the target detection is achieved when at least one of the
n cooperative RRUs successfully senses the existence of the particular target. On
the other hand, by applying the Majority or the AND rule, a decreased detection
performance is observed since the simultaneous successful detection of the target
by the majority or all cooperative RRUs, respectively, is required. Furthermore,
Fig. 6.3 demonstrates the impact of the repulsion parameter  on the detection per-
formance achieved with our proposed technique. We can easily observe that, the
detection performance $4(9, k, 7) is an increasing function of 5. This is expected,
since by increasing the repulsion parameter, the distance between interfering RRUs
is increased, achieving a reduced overall interference and an enhanced detection
performance. We can finally observe that the analytical results (solid, dashed and
dotted lines) agree with the network performance given by the simulation results
(markers).

Fig. 6.4 reveals the impact of both the blockage and repulsion parameter on the
detection performance achieved by applying the OR and the AND combining rules
and for different number of network tiers. As expected, by increasing the number
of network tiers, the number of cooperative RRUs is also increased, and therefore

the detection performance achieved by applying the OR rule increases, in contrast
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Figure 6.4: Detection probability versus pi s for the OR and AND combining rules
and for different number of network tiers; 3 = —15dB, A4, = 6 RRUs/km? and P, = 0
dBm.

to the decreasing detection performance achieved by applying the AND rule. The
latter occurs since, as the number of cooperative RRUs increases, the probability of
simultaneous successful detection of a target by all cooperative RRUs is decreased.
On the other hand, by applying the OR rule, the increased number of cooperative
RRUs, increases the probability of successfully detecting the target from at least one
cooperative RRU. Fig. 6.4 also reveals the impact of blockages on the network’s
detection performance. As expected, at low LoS constant values, the existence
of LoS RRUs improves the network performance, since the cooperative RRUs are
able to successfully detect the target. However, by increasing the LoS constant
beyond a critical point, which describes the optimal fraction of LoS RRUs that
provide the maximum detection performance, the network performance decreases.
This observation is based on the fact that, the interference from the LoS RRUs
becomes significantly larger than the reflected signal from the target and thus the
detection probability significantly decreases. Another important observation is that,
the aforementioned critical point depends on the repulsion parameter of the network
tiers. Specifically, by enhancing the repulsion behavior between the RRUs, the

optimal detection performance is achieved with a larger fraction of LoS RRUs.
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Figure 6.5: Detection probability versus x for the considered combining rules, where
oz = {0, =10, —20} dB and ¢ = {0.6,0.9}; = 0.9, ¥ = —20 dB.
Fig. 6.5 shows the effect of the residual SI on the network’s detection performance

for the OR and the AND combining rules. We can easily observe that by increasing

2

the ability of the nodes to cancel the observed SI i.e., o

, — —oo, the detection
performance achieved with our proposed technique is increased for all combining
rules. This observation was expected, since by decreasing the residual SI at the RRUs,
the aggregate received interference is decreased, and therefore an increased SINR is
observed. An important observation from this figure is that the increased fraction
of JCAS-enabled RRUs, negatively affects the detection performance. This again
is expected, since by increasing the number of RRUs that simultaneously perform
both functions i.e., DL transmission and detection, the overall interference increases
due to the existence of SI, compromising the observed SINR. We can easily observe
from the figure that, the power control can prevent the significant degradation of
the network’s detection performance by controlling the power control parameter
e. Specifically, by decreasing the power control parameter i.e., ¢ — 0, the RRUs’
transmit power for the DL communication with their associated users is reduced,
resulting in a decreased SI and therefore in an enhanced SINR. It is important to

mention here that both the fraction of JCAS-enabled RRUs and the Nakagami-u

fading parameters, have similar effect on the detection performance achieved with
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Figure 6.6: Detection probability versus P; for the OR and the AND combining rules,
where 8 = {0,0.6,0.9}; P, = 2 dB, P; = &t dB and x = 0.3.

the Majority rule, thus the corresponding curves are omitted.

Fig. 6.6 shows the detection performance of the OR and the AND combining
rules in terms of the RRUs’ transmit power P;, where P, = Pz—] and P; = % We can
easily observe from the figure that, by increasing the transmit power of the RRUs
can significantly enhance the detection probability of its associated target. This
observation is expected since, a larger transmission power by the cooperative RRUs
corresponds to receiving a stronger reflected signal power, resulting in an enhanced
detection performance. Nevertheless, beyond a critical transmit power level, the
increase of the transmission power negatively affects the detection performance. This
is again expected, since the residual SI at a receiver becomes larger, and therefore the
observed SINR is decreased. Moreover, it can be seen that the detection performance
converges to a constant floor in all cases for high transmission powers. This is due
to the fact that as the transmission power of the network’s RRUs increases, the
noise in the network becomes negligible. Fig. 6.6 also illustrates the achieved
detection performance of the considered combining rules, for the scenario where
the spatial distribution of the RRUs is based on a PPP. It is clear from the figure
that, the spatially distributed RRUs based on a repulsive point process can attain
better detection performance compared to the randomly deployed RRUs. This is
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Figure 6.7: Detection probability and conditional detection probability versus ¥ for

the considered combining rules; § = 0.9, x = 0.3, .

due to the fact that, the distances between a cooperative RRU and its interfering
RRUs in a f-GPP-based deployment are greater than the corresponding distances in

a PPP-based deployment, resulting in a reduced overall interference.

Finally, Fig. 6.7 highlights the effect of the interference temporal correlation on
the network’s detection performance between different time slots. Specifically, we
plot the conditional and the unconditional target detection probabilities for the three
considered combining rules. We can easily observe that the conditional detection
probability overcomes the unconditional detection probability. This was expected
since, a fraction of interfering RRUs at the time slot 7, in which a static target is
successfully detected, also causes interference in future time slots 7. Therefore,
as the static target is successfully detected at the time slot 7, the probability of
successful detecting the same static target at the time slot 7 is increased. Note that,
the aforementioned observation holds for all the considered combining rules and for

all the detection thresholds considered.
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6.7 Conclusion

In this chapter, we proposed an analytical framework based on stochastic geometry
and studied the detection performance of FD-JCAS systems in the context of het-
erogeneous mmWave cellular networks. In particular, we considered the scenario
where all RRUs exhibit detection capabilities, a fraction of which also exhibit DL
communication capabilities by exploiting the concept of FD radio. The developed
framework takes into account the spatial correlation between the RRUs and the tem-
poral correlation of the interference, by modeling the RRUs” locations as a f-GPP and
by analyzing the joint detection probability at two different time slots, respectively.
Aiming at enhancing the network’s detection performance, a novel cooperative de-
tection technique is proposed, and the achieved network performance is evaluated in
the context of three hard-decision combining rules, namely the OR, the Majority and
the AND rule. Using stochastic geometry tools, the network’s detection performance
in the context of our proposed technique was derived in analytical expressions and
the impact of blockage characteristics, residual SI, repulsion parameter and fraction
of FD-JCAS RRUs have been evaluated. Our study reveals that the proposed tech-
nique outperforms the conventional non-cooperative detection technique. Finally,
we have shown that the repulsive behavior of the RRUs can provide significantly

larger detection performance to the network.

138



Chapter 7

Conclusion and Future Work

Within the last decade, the intense demand for mobile data traffic has exceeded even
the most aggressive predictions. Due to unprecedented growth in the number of
mobile subscribers and the accelerated adoption of data-hungry devices, such as
smartphones, tablet and laptops, this trend is likely to persist. The need to support
this traffic explosion along with the ever-fast approaching limits of the current gener-
ation of the cellular mobile communications, signals the dawn of the next-generation
technology era, commonly known as the beyond 5G technology. The integration of
mmWave communications into cellular HetNets has been advocated as one of the
most promising enabling technologies for supporting the increasing demand of data-
traffic and for enhancing the performance of next-generation networks. Specifically,
the utilization of HetNet deployments provide increased reliability, improved spec-
trum efficiency, and increased coverage. At the same time, the operation of wireless
communications at the mmWave frequency bands can lead to multi-Gbps rates, due

to their abundant spectrum resources.

In this thesis, we addressed some of the challenges brought by the integration of
HetNets-mmWave networks in cellular systems, and validated the potential of this
technology by designing and modeling novel network architectures and protocols.
Our main contributions have been in the context of cooperation and resource allo-
cation mechanisms, interference mitigation, and power control techniques. More-
over, we demonstrated that the co-design of HetNets-mmWave cellular networks
with other transmission technologies, i.e. FD radio, and JCAS scheme, can further
improve of future networks. Leveraging tools from stochastic geometry, we de-

veloped a novel analytical framework to evaluate the achieved performance of the
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aforementioned techniques in next-generation HetNet-mmWave cellular networks,
from a large-scale point-of-view. Tractable closed-form expressions for fundamen-
tal network performance metrics, such as the coverage probability, the throughput,
detection probability and the meta-distribution, are derived. These closed-form ex-
pressions, provide valuable engineering insights to help network operators in the
deployment of HetNets in the mmWave bands, and how key system parameters

affect the network performance.

7.1 Future Work

Some possible future works are the following:

1. Extend current system model: In this Ph.D dissertation we investigated the
achieved performance of the considered network deployments in the 2D space,
by assuming that all network’s nodes are deployed at the same height. How-
ever, the heights of blockages, BSs antennas, or even users may have non-
negligible impacts on the system performance. In particular, the macro-BSs,
which are mainly tower-mounted, are more likely to establish a LoS link to-
wards the users, since their higher height contribute in avoiding the blockages
within the network area. On the other hand, high-rise buildings can poten-
tially block all the LoS links between a user and a BS, leading to a significant
reduction in the network performance. Thus, it is of interest to incorporate the
elevation height in the analysis and extend our proposed framework into 3D
space. The 3D model will also make it possible to analyze the performance of
the techniques that exploit the spatial degrees of freedom in elevation direc-

tions, such as 3D beamforming and vertical sectorization.

Regarding the classification of users and as discussed in Chapters 4 and 5, we
assume that a user can be spatially classified either in the cell-center or the cell-
edge region of a communication cell. Specifically, this classification scheme
spatially separates a communication cell into two sub-regions. However, the
performance of a CCU which is located nearby the cell-edge region, experi-
ences slightly better performance compared to the achieved performance of a
CEU, and a significantly lower compared to a CCU near the serving BS. This

motivates the investigation of a classification scheme, that spatially separates a
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communication cell into multiple sub-regions. With such classification scheme,
we can further enhance the performance resolution by capturing the existence
of different users’ categories, and aiming the enhancement of each category of

users with the employment of sophisticated communication techniques.

In Chapter 6, we adopt the f-GPP as an abstraction model for the spatial
distribution of wireless networks whose nodes exhibit repulsion, aiming the
investigation of the performance of realistic network deployments. Beyond
the repulsive behavior, actual network deployments can also exhibit attraction
behavior. Such attractive behavior can be observed on larger network deploy-
ments, where the BSs within a city are forming a cluster of points, whereas
the locations of the points in urban areas are more sparsely located. Therefore,
the investigation of a point process that its points exhibit an attractive behav-
ior, such as the Poisson cluster process and the Neyman-Scott process, is an

interesting direction for this work.

Moreover, as discussed in Chapter 6, the communication operation in the
context of JCAS systems causes a minor degradation on the radar detection
operation. The radar detection operation, on the other hand, can provide a sig-
nificant performance gain on the cellular HetNets operating on the mmWave
frequency band. Specifically, the short-range environmental information es-
timated by the radar detection operation (e.g. blockage detection, channel
estimation), can be leveraged by the mmWave BSs (e.g. reconfiguration of the
communication beams, handover process) in order to enhance the communi-

cation operation.

Finally, throughout this Ph.D. dissertation we derive analytical expressions for
important performance metrics for the wireless networks, such as the coverage,
the rate and the detection performance. Hence, an important future task
is to simplify the expressions, aiming to derive closed-form expressions, by
either using some approximations or by considering some special cases. Then,
these closed-form expressions can be leveraged in order to study optimization
problems for the further enhancement of the network performance and to gain

more insights about the impact of key network parameters.

. UAVs mmWave communications: MmWave technology as an important ele-

ment in the 5G and beyond wireless networks can be used in the UAV com-
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munications as well. Indeed, the mmWave technology even sounds more
promising for the UAVs as they are deployed at high altitude, offering LoS
communication. In addition, the UAVs can be adopted for wireless power
transfer (WPT) purposes since they can be easily deployed to provide WPT
service in areas without infrastructure (e.g., power beacons) coverage in re-
mote or hazardous environments. However, due to the movement of the
UAUVs, in order to be able to use mmWave for UAVs communication efficiently,
signal blockages, handover effects, fast beamforming training and tracking,

and Dopaperpler effects should be addressed properly.

. Intelligent reflecting surfaces (IRSs)-aided HetNets-mmWave communica-
tions: An IRS can intelligently control the wireless environment to improve
the signal strength received at the destination. Specifically, an IRS consists of
many IRS units, each of which can reflect the incident signal at a reconfigurable
angle. In other words, the wireless signal travels from the source to the IRS,
is optimized at the IRS, and then travels from the IRS to the destination. Such
communication method is particularly useful for the HetNets-mmWave sys-
tems, where the source and the destination such as the BS and the user have a
weak wireless channel in between due to blockages or poor environmental con-
ditions, or they do not have direct LoS. Therefore, IRS-aided HetNets-mmWave
communications are envisioned to play a fundamental role in the beyond-5G

networks.

. Synergy of stochastic geometry and machine learning: Throughout the lit-
erature, many valuable and insightful stochastic geometry-based analytical
expressions can be found. However, to ensure tractability, these expressions
are based on many simplifying assumptions on the wireless network, which are
often unrealistic (i.e., neglect shadowing effects, assume randomly deployed
BSs, etc). This is because, the tractable prediction and optimization of the actual
network’s performance, such as the coverage, the throughput and the spectral
efficiency, are very often unfeasible. The aforementioned are even more diffi-
cultin the mmWave communications, since the mmWave environments change
dynamically and variously due to the mmWave signals’ characteristics, such as
the high directionality and the sensitivity to blockages. Motivated by the data-

driven model adaptation of the machine learning approach, it is interesting to
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investigate the machine learning as an enabler of the this challenge.
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List of Publications

1. Book Chapters

e C. Psomas, C. Skouroumounis, and I. Krikidis, Relay selection in modern
communication systems, chapter in the book titled Advanced relay technologies
in next generation wireless communications. Editors: I. Krikidis and G.

Zheng, IET, 2016.

e J. M. B. da Silva, C. Skouroumounis, I. Krikidis, G. Fodor, and C. Fis-
chione, Energy efficient full-duplex networks, chapter in the book titled Green
Communications for Energy-Efficient Wireless Systems and Networks. Editors:

A. Zappone, ]. Yang, J. S. Thompson, and H. Suraweera. Eds. IET, 2019.
2. Journal Articles

e C. Skouroumounis, C. Psomas, and I. Krikidis, “Low-complexity base
station selection scheme in mmWave cellular networks,” IEEE Transactions

on Communications, vol. 65, no. 9, pp. 4049-4064, Sept. 2017.

e C. Skouroumounis, C. Psomas and I. Krikidis, “Heterogeneous FD-mm-
Wave cellular networks with cell center/edge users,” IEEE Transactions on

Communications, vol. 67, no. 1, pp. 791-806, Jan. 2019

e C. Skouroumounis, C. Psomas, and I. Krikidis, “Hybrid cooperation
scheme in heterogeneous sub-6 GHz/mmWave cellular networks,” sub-
mitted in IEEE Wireless Communications Letters, Sept. 2019.

e C. Skouroumounis, C. Psomas, and I. Krikidis, “FD-JCAS techniques
for mmWave HetNets: Ginibre point process modeling and analysis,”
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