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Abstract

With the increasing demand for data and the growth of the connections
between devices, a new generation of mobile networks, denominated 5G,
has been defined to reach the high data rates required. Its deployment
has already begun all around the world. The new standard presents
many challenges due to its complexity, ranging from the concerns about
its feasibility to the issues related to the new features introduced. In this
thesis, after investigating how an accurate modeling of both the channel
environment and the antenna propagation pattern strongly affect the
simulated millimeter-wave scenario, some of the new issues are stud-
ied. We will present innovative solutions that will be examined in depth
though figures and graphs which will be used to compare the perform-
ance of all the considered procedures. In this respect, we examine (i)
different spectrum sharing approaches, (ii) some antenna array designs
aspects and (iii) a stochastic geometry mmWave analysis.
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Sommario

Con l’aumentare del traffico dati e la crescita delle connessioni tra dispo-
sitivi, un nuovo standard per reti cellulari, chiamato 5G, è stato definito
in modo da soddisfare i flussi dati richiesti. L’installazione del nuovo
standard è già iniziata in molti paesi del mondo. Il nuovo standard in-
troduce molte sfide dovute alla sua complessità. Tali sfide riguardano
la sua fattibilità, e vengono introdotte anche problematiche dovute alle
nuove tecnologie adottate. In questa tesi, dopo un primo studio che met-
te in evidenza come le prestazioni di uno scenario millimeter-wave siano
molto correlate ai modelli di canale e di propagazione dell’antenna usati,
ci focalizzeremo su alcune nuove problematiche. Presenteremo soluzioni
innovative con scenari simulati che saranno esaminati a fondo con l’uso
di figure e grafici in modo da confrontare le prestazioni delle varie proce-
dure. In particolare, investigheremo (i) diversi approcci di condivisione
della banda, (ii) aspetti relativi al design dell’array di antenne e (iii)
un’analisi stocastica per scenari che usano onde millimetriche.
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Chapter 1
Introduction

The continuing growth in demand from subscribers for better mobile broadband experiences

is encouraging the industry to look ahead at how networks can be readied to meet future

extreme capacity and performance demands. It appears visible that a new generation of

mobile networks will be necessary to reach the challenges required.

In the past, cellular networks were originally designed for voice-only applications, using

analog transmission channels. When the digital technology evolved and more voice channels

were required, 2G systems emerged in the 1990s. Digital transmission enabled new services

such as text messaging and circuit switched data access. Then, with the arrival of the

Internet, the low data rate services provided by 2G systems did not fulfill the need for mobile

Internet access. This led to a demand for new 3G standards, which evolved to provide fast

data services and more capacity for voice. After that, the 4G mobile communications system,

commonly identified as Long Term Evolution (LTE), was developed to provide high capacity

and high data rate service for mobile multimedia.

The demand for cellular data has continued to increase and a new standard was required

to satisfy all the users’ needs. For this purpose, a new standard for wireless communications,

commonly defined as 5th generation (5G),1 is starting to operate over the mobile network

environment during this year all around the world, although it will not fully replace previous

mobile generations immediately. Differently from the earlier standards, 5G will be able to

connect a really large number of devices. Not only will mobile phones be connected to the

grid, but also Internet of Things (IoT) devices will gather access to the network generating

a huge number of simultaneous connection requests. Combining cutting-edge network tech-

nology and the very latest research, 5G is able to deliver vastly increased capacity, lower

latency, and faster speeds. It brings a network that is much faster than the current one,

with average download speeds of around 1 Gbps expected to soon be the norm.

1The 3rd Generation Partnership Project (3GPP), an industry association which has the responsibility of
delineating the standard, defines any system using “5G NR” (5G New Radio) software as “5G”.
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CHAPTER 1. INTRODUCTION

Figure 1.1: Overall summary of key requirements for 5G demands: higher capacity, lowest latency
and more consistent experience [1].

Another important aspect which must be properly considered is the reliability of the

data exchanged. In some critical conditions such as those of latency sensitive devices (e.g.,

applications like factory automation, autonomous driving, and remote surgery), the con-

nection must be extremely reliable to ensure the safety of the users [1]. Differently from

the new standard, the previous 4G specification was designed for smartphones only and not

for critical network services. In critical scenarios, speed, capacity and reduced latency are

clearly important, but not fundamental as the reliability which is the main driver in these

critical cases.

All the new requirements are collected and reported in Figure 1.1, which highlights the

required improvements in all the metrics in order to meet the 5G demands. For clarification

in the understanding of the meaning of the requirements, three main generic services have

been defined, which, according to teh International Telecommunication Union (ITU)-R, are

classified as evolved Mobile BroadBand (eMBB), massive Machine-Type Communications

(mMTC), and Ultra-Reliable and Low-Latency Communication (URLLC) (also referred to

as mission-critical communications) [2, 3]. This generalization emphasizes that not all the

requirements must be verified in every instance of a future network. Instead, a particular

set of requirements must be adopted according to the generic service considered. A succinct

characterization of these services can be given as follows:

(i) eMBB supports stable connections with very high peak data rates, which means high

bandwidth Internet access suitable for web browsing, video streaming, and virtual

reality. This is equivalent to the common Internet access service we use in our smart-

phones. Similarly, it supports also stable connections with moderate rates for cell-edge

users;
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(ii) mMTC supports a massive number of IoT devices (e.g., about 105 nodes/km2), which

are only sporadically active and send small data payloads. The data rates for these

services are usually quite small, but the coverage range can be very large;

(iii) URLLC supports low-latency transmission of small payloads with very high reliability

from a limited set of terminals, which are active according to patterns typically de-

termined by outside events, such as alarms. Differently from eMBB, URLLC becomes

relevant when a small amount of data needs to be transferred extremely fast and with

a small packet loss rate. Clearly, due to the fact that the transmitted information in

this scenario is ultra-reliable and with low latency, the data rate cannot achieve very

high values.

These generic services are crucial to satisfy all the requirements of the 5G cellular stand-

ard. To develop these services and satisfy all the requirements, new technology tools are

envisioned for the new cellular standard. Some of those are the use of millimeter wave (mm-

Wave) bands, massive Multiple Input, Multiple Output (MIMO) systems, network slicing

and a flexible frame structure. It is the first time that such new approaches are all used in

a mobile standard thus a lot of research is required to jointly optimaize them.

One of the main ways to obtain high performance is the use of a large portion of bands

in the mmWave spectrum. To be precise, 5G networks are designed to operate in a high-

frequency band of the wireless spectrum, between 28 GHz and 60 GHz, and also in the

sub-6 GHz range where current mobile communication standards are working. Together

with directional transmission (achieved applying beamforming and MIMO antenna arrays),

mmWave bands are of interest in developing wireless systems that can exploit the large

amount of spectrum available in this frequency range.2

The research activities of this thesis are focused on the accurate and realistic modeling

of simulators in order to be able to precisely study network protocols, spectrum sharing

approaches and antenna designs for 5G networks. In contrast with a lot of studies present

in the literature, where simplified models were used to simulate typical 5G scenarios, we

believe that a proper evaluation study must be done considering realistic assumptions and

models.

Entering into details, in this thesis we aim to find solutions to use the available resources

in the best possible way. Even if, with the use of mmWave frequencies, the spectrum of

resources accessible is large, still the amount is limited and efficient mechanism must be

adopted for its use. The same concept applies to antenna design aspects: even if directional

transmission can be performed providing a boost in the signal power, particular attention

should be paid to the channel characterization and the interference which is generated in

future networks. We remark also that in 5G networks the density of nodes will be much

2From a theoretical point of view, mmWave communications are defined with frequencies in the range
30–300 GHz, though the frequencies 6–30 GHz are also often referred to as mmWave.
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higher with respect to the previous generation of networks. Therefore, particular focus must

be given to interference related aspects. As highlighted in one of our previous works [4], using

directional beams, the amount of interference received is not uniform and varies greatly at

any time instant according to the location of scheduled users and access nodes.

In our research, we do not consider all the new features that will be available in 5G

networks but, instead, focus our research on those relevant to the use of mmWave spectrum

and the design of MIMO antenna arrays. Therefore, to accomplish these research goals,

it appears extremely important to precisely characterize the mmWave environment and all

the details of 5G cellular scenarios in a way to precisely study algorithms and protocols for

the new standard. In line with the goals just described, the three main topics that will be

covered in the thesis are:

• Spectrum Sharing. Sharing of the resource is a key dimension in mmWave network

design in which spectrum, access and/or network infrastructure resources can be shared

by multiple operators. It is argued that this sharing paradigm will be essential to

fully exploit the tremendous amounts of bandwidth and the large number of antenna

degrees of freedom available in these bands, and to provide statistical multiplexing

to accommodate the highly variable nature of the traffic. Regulators all around the

world have already identified the portions of the spectrum that will be used for the next

generation of cellular networks. In this respect, in response to the very high expected

traffic demand, a sharing mechanism may make it possible to use the spectrum more

efficiently. Therefore, we investigate and compare various sharing configurations in

order to capture the enhanced potential of mmWave communications. We deliver a

number of key insights, corroborated by detailed simulations, which include several

analyses of the effects of the distinctive propagation characteristics of the mmWave

channel, along with a rigorous multi-antenna characterization. Our results reflect both

the technical and the economical aspects of the various sharing paradigms.

• Antenna Design and Evaluation. Large antenna arrays and mmWave frequencies

have been attracting growing attention as possible candidates to meet the strict re-

quirements of future 5G mobile networks. In view of the large path loss attenuation in

these bands, beamforming techniques that create a beam in the direction of the user

equipment are essential to perform the transmission. For this purpose, it is extremely

important to correctly model and consider the propagation antenna effects in any

transmission. Therefore, it is fundamental to characterize realistic antenna radiation

patterns, motivated by the need to properly capture mmWave propagation behaviors

and understand the achievable performance in 5G cellular scenarios. With the use

of a realistic characterization, antenna design and optimization phases can be done.

Many are the parameters of the antenna array which can be optimized also considering

the optimization of network metrics. We propose in our research a Machine Learning
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1.1. ORGANIZATION OF THE THESIS

(ML) approach which can be used to identify the optimal antenna configuration ac-

cording to any given objective function (e.g., maximization of average throughput or

maximization of worst users received power).

• Stochastic Geometry Analysis. Together with simulations, the system perform-

ance can be also assessed by using models from stochastic geometry that cater for

the directivity in the desired signal transmissions as well as the interference, and by

calculating the Signal to Interference plus Noise Ratio (SINR) coverage. Nonetheless,

the accuracy of the state of the art coverage expressions derived through stochastic

geometry may be questioned, as it is not clear whether they capture the impact of

the detailed mmWave channel and antenna features. Through several studies, we

propose an SINR coverage analysis framework that includes realistic channel models

and antenna element radiation patterns. The proposed analytical framework has been

validated and used as an evaluation tool for dense mobile and vehicular networks.

1.1 Organization of the Thesis

This thesis is organized in six chapters. In Chapter 2 where we will introduce the relationship

between mmWave frequencies and 5G cellular networks, providing challenges and benefits

of this portion of spectrum. Furthermore, we will present some general concepts related to

the bands and we will conclude the chapter with a channel characterization useful for the

remaining chapters of the thesis.

After the preliminary introduction on the mmWave frequencies for 5G cellular networks,

the thesis is organize into two main parts.

Part I deals with the spectrum sharing paradigm for 5G mmWave cellular networks.

• In Chapter 3 we will study the spectrum sharing paradigm and protocols to provide

an efficient use of the resources available in 5G networks. The original research con-

tributions of this chapter can be found starting from Section 3.2, which is taken from

works [5,6], then in Section 3.3, which is taken from [C5], and finally in Sections 3.4,

which are taken from works [7] and [J1].

Part II deals, instead, with the antenna design and evaluation.

• In Chapter 4 we will discuss all the research activities related to the antenna array

evaluation and design with a particular focus on mmWave cellular networks. A pre-

liminary evaluation of the antenna array can be found in Section 4.1, which is taken

from [C3], then also in Section 4.4, which is taken from [C4]. Research activities

tailored to the design of antenna arrays are discussed in Section 4.5 which is specific
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CHAPTER 1. INTRODUCTION

for MIMO scenarios and taken from [C6], in Section 4.6 which is taken from [J4]

and will discuss antenna tilting optimization, and finally in Sections 3.4, which are

taken from [C7] and will present an innovative optimization framework that uses ML

techniques.

• In Chapter 5 we will present a stochastic geometry analysis which can be used for the

coverage analysis in mmWave networks. The contribution can be found starting from

Section 5.1, which is taken from works [C1] and [J3]. Furthermore, in Section 5.6

we will provide additional details to analyze mmWave vehicular networks, which are

taken from works [C2] and [J2].

Finally, in Chapter 6 we will report the conclusions of this thesis.

1.2 Notation

In this thesis, column vectors and matrices are respectively denoted by boldface lowercase

and uppercase letters. We identify with XH the conjugate transpose of X, and the Frobenius

norm is denoted ∥ · ∥F while the Euclidean norm is denoted as ∥ · ∥. The set of all complex

numbers is denoted by C, with CN×1 and CN×M being the generalizations to vectors and

matrices, respectively. The M ×M identity matrix is written as IM and the zero matrix

of size NT ×M is denoted as 0NT×M . Finally, we generally indicate with ˆ︁X the Frobenius

normalized matrix of X.

As a general rule, the symbols and the acronyms are self-contained and self-explained in

each chapter, while the mathematical notation just provided is common to all chapters.
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Chapter 2
Millimeter-Waves in 5G Cellular Networks

With the rapidly growing demand for cellular data services, conventional frequencies below

3 GHz are now highly congested. At the same time, probably due to the shortage of tra-

ditional spectrum, millimeter wave (mmWave) frequencies, roughly corresponding to bands

above 6 GHz, have been attracting growing attention and have been widely cited as one of

the most promising technologies for 5G and Beyond 5G cellular evolution.

In this chapter we introduce and present some general concepts related to mmWave that

will be used in the remainder of the thesis. We conclude the chapter with a basic channel

characterization which will be used in Chapters 3, 4 and 5, possibly with some minor changes

according to the aspects being analyzed.

2.1 5G Cellular Networks

5G is the next step in the evolution of mobile communication. Even if a lot of research has

been done for this new paradigm, its deployment is just at the beginning and much more is

still required to gather the best from the standard. It will be a key component of the society

and will help realize the vision of essentially unlimited access to information and sharing of

data anywhere and anytime for anyone and anything [8].

5G will therefore not only be about mobile connectivity for people. Rather, the aim of

5G is to provide ubiquitous connectivity for any kind of device and any kind of application

that may benefit from being connected. Mobile broadband will continue to be important

and will drive the need for higher system capacity and higher data rates. This new gener-

ation will also provide wireless connectivity for a wide range of new applications and use

cases, including wearables, smart homes, traffic safety control, and critical infrastructure

and industry applications, as well as for very-high-speed media delivery.

In contrast to earlier generations, 5G wireless access should not be seen as a specific radio-

access technology. Rather, it is an overall wireless-access solution addressing the demands
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5G RADIO ACCESS   WHAT IS 5G?  2

What is 5G?
5G is the next step in the evolution of mobile communication. It will be a key component of the 
Networked Society and will help realize the vision of essentially unlimited access to information 
and sharing of data anywhere and anytime for anyone and anything. 5G will therefore not only 
be about mobile connectivity for people. Rather, the aim of 5G is to provide ubiquitous connectivity 
for any kind of device and any kind of application that may benefit from being connected.

Mobile broadband will continue to be important and will drive the need for higher system 
capacity and higher data rates. But 5G will also provide wireless connectivity for a wide range 
of new applications and use cases, including wearables, smart homes, traffic safety/control, and 
critical infrastructure and industry applications, as well as for very-high-speed media delivery. 

In contrast to earlier generations, 5G wireless access should not be seen as a specific radio-
access technology. Rather, it is an overall wireless-access solution addressing the demands and 
requirements of mobile communication beyond 2020.

LTE will continue to develop in a backwards-compatible way and will be an important part of 
the 5G wireless-access solution for frequency bands below 6GHz. Around 2020, there will be 
massive deployments of LTE providing services to an enormous number of devices in these 
bands. For operators with limited spectrum resources, the possibility to introduce 5G capabilities 
in a backwards-compatible way, thereby allowing legacy devices to continue to be served on 
the same carrier, is highly beneficial and, in some cases, even vital. 

In parallel, new radio-access technology (RAT) without backwards-compatibility requirements 
will emerge, at least initially targeting new spectrum for which backwards compatibility is not 
relevant. In the longer-term perspective, the new non-backwards-compatible technology may 
also migrate into existing spectrum.

Although the overall 5G wireless-access solution will consist of different components, including 
the evolution of LTE as well as new technology, the different components should be highly 
integrated with the possibility for tight interworking between them. This includes dual-connectivity 
between LTE operating on lower frequencies and new technology on higher frequencies. It should 
also include the possibility for user-plane aggregation, that is, joint delivery of data via both LTE 
and a new RAT.

Figure 1: The overall 5G wireless-access solution consisting of LTE evolution and new technology.

3GHz1GHz 10GHz 30GHz 100GHz 3GHz1GHz 10GHz 30GHz 100GHz

Overall 5G solution

LTE evolution New technology
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Existing spectrum
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Figure 2.1: Overall 5G wireless-access solution consisting of LTE evolution and new technologies.
Figure from [8].

and requirements of mobile communication beyond 2020. The previous standard Long Term

Evolution (LTE) will continue to develop in a backwards-compatible way and will be an

important part of the 5G wireless-access solution for frequency bands below 6 GHz [8].

Figure 2.1 shows an overall 5G wireless-access solution consisting of LTE evolution and new

technology working at mmWave frequencies.

Due to the spectrum scarcity in microwave bands used by legacy communication tech-

nologies, mmWave bands are considered as a promising enabler for 5G cellular networks to

provide multi-gigabit wireless access. The available spectrum at these higher frequencies can

easily be 200 times greater than all cellular allocations today.

2.2 Millimeter Waves (mmWave)

Although mmWave frequencies can be used, mmWave communications exhibit high atten-

uation, vulnerability to obstacles and sparse-scattering environments, which are not taken

into account in the existing cellular wireless design approaches [9, 10].

In a different way, the small wavelengths of mmWave signals make it possible to incorpor-

ate a large number of antenna elements both at the Next Generation Node Base (gNB) and

at the User Equipment (UE), which in turn lead to high directivity gains and fully-directional

communications. This level of directionality can result in a network that is noise-limited as

opposed to interference-limited.

The significant differences between mmWave networks and traditional ones challenge

the classical design constraints, objectives, and available degrees of freedom. An example

of this can be a Non Line of Sight (NLoS) scenario, where the communication between

transmitter and receiver can not be achieved due to the high attenuations [9]. This demands

a reconsideration of almost all design aspects in mmWave systems.
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2.2. MILLIMETER WAVES (MMWAVE)

2.2.1 Challenges of mmWave

Despite the potential of mmWave cellular systems, there are a number of key challenges to

realize the vision of cellular networks in these bands [10]:

• Range and directional communication: Friis’ transmission law, in the equation

below

PRX = PTXGTXGRX

(︃
λ

4πd

)︃2

(2.1)

states that the free space omnidirectional path loss grows with the square of the fre-

quency. In the equation: PRX and PTX are respectively the received and the trans-

mitted powers, GTX and GRX are the gains of the Transmitter (TX) and Receiver

(RX) antennas, d is the distance between the receiver and transmitter and λ is the

wavelength. However, the smaller wavelength of mmWave signals also enables propor-

tionally greater antenna gains (knowing that the gain is given by: G = 4π
λ2Aeff) for the

same physical antenna size. Consequently, the higher frequencies of mmWave signals

do not in themselves result in any increased free space propagation loss, provided the

antenna area remains fixed and suitable directional transmissions are used. This is

also confirmed from measurements in [10].

• Atmospheric gaseous losses: This kind of attenuation is typically less than a few dB

per kilometer excluding particular absorption bands like those of oxygen (i.e., near

60 GHz) and water vapor (i.e., near 20 and 200 GHz). In the particular case of small

cells/areas, some hundreds of meters, this attenuation is not so relevant.

• Shadowing: A more significant concern for range is that mmWave signals are ex-

tremely susceptible to shadowing. For example, materials such as brick can attenuate

signals by as much as 40 to 80 dB and the human body itself can result in a 20 to

35 dB loss. On the other hand, humidity and rain fades (common problems for long

range mmWave backhaul links) are not an issue in cellular systems. Even in a very

heavy rainfall, rain fades are typically less than a dB per 100 meters meaning they

will have minimal impact in cellular systems with cell radii smaller than 200 meters.

Also, the human body and many outdoor materials are very reflective, and therefore

are important scatterers for mmWave propagation.

• Rapid channel fluctuations and intermittent connectivity: For a given mo-

bile velocity, channel coherence time is linear in the carrier frequency, meaning that

it will be very small in the mmWave range. In addition, high levels of shadowing

imply that the appearance of obstacles will lead to much more dramatic swings in

path loss, although beamsteering may overcome this. Also, mmWave systems will be

inherently built of small cells, meaning that relative path losses and cell association
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also change rapidly. From a system perspective, this implies that connectivity will be

highly intermittent and communication will need to be rapidly adaptable.

In conclusion, after excluding some sub-bands with severe atmospheric absorption and

assuming 40% of the remaining spectrum potentially becomes available over time, a possible

100 GHz new spectrum among the mmWave band could be opened up for future mobile

communication use [10,11].

2.2.2 Benefits of mmWave

Despite all the challenges listed above, the use of mmWave also provides some advantages.

Due to the small wavelength, the use of Multiple Input, Multiple Output (MIMO) is easily

implementable and this is already a key technology in supporting high data rates in 4G

systems. MIMO enables multi-stream transmission for high spectrum efficiency, improved

link quality and adaptation of radiation patterns for signal gain and interference mitigation

via adaptive beamforming using antenna arrays [12], [13].

Since the tiny wavelengths allow for dozens to hundreds of antenna elements to be placed

in an array on a relatively small physical platform at the gNB, or access point, massive MIMO

can be used. Extra antennas help by focusing energy into ever smaller regions of space to

bring huge improvements in throughput and radiated energy efficiency. Other benefits of

massive MIMO include extensive use of inexpensive low-power components, reduced latency,

simplification of the Media Access Control (MAC) layer, and robustness against intentional

jamming [13,14].

All these aspects are perfect for scenarios of mmWave communications. In addition,

MIMO systems allow to use beamforming and so obtain a directional signal transmission

or reception. This is achieved by combining elements in a phased array in such a way

that signals at particular angles experience constructive interference while others experience

destructive interference. Beamforming can be used at both the transmitting and receiving

ends in order to achieve spatial selectivity [15].

After the list of pros and cons, all the studies and in-the-field simulations have identified

mmWave frequencies as the means to carry communication in the systems of fifth generation.

2.3 mmWave Spectrum Characterization

mmWave propagation is characterized by three main challenges, namely (i) directionality,

obtained from the combination of multiple antennas to increase the intrinsically low trans-

mission range, (ii) severe shadowing, because mmWave signals are extremely sensitive to

objects, including foliage and the human body, and (iii) intermittency, where obstacles

can lead to much more dramatic fluctuations of the channel gain, resulting in frequent and

sudden drops (e.g., people passing through the area of coverage) [10,16,17].
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2.3. MMWAVE SPECTRUM CHARACTERIZATION

Table 2.1: Path loss model parameters derived from real measurements made in the Manhattan
scenario [21]. Values for both the 28 and 73 GHz bands, and for both LoS and NLoS conditions.

Frequency State α β σ

28 GHz
NLoS 72 2.9 8.7 dB

LoS 61.4 2 5.8 dB

73 GHz
NLoS 86.6 2.45 8.0 dB

LoS 69.8 2 5.8 dB

Since these effects play a key role in determining the performance in a mmWave scenario,

it is particularly important to carefully characterize the propagation phenomena, and the

directional gains introduced by multi-antenna schemes. In the remainder of the chapter we

report some basic aspects of the mmWave environment characterization which will be useful

for the entire thesis.

We start with the traditional definition of link budget

PRX = PTX +GBF − ℓ− ξ (2.2)

where PRX and PTX are the received and transmitted power in dBm, respectively. GBF, ℓ

and ξ are the beamforming gain, path loss and shadowing in dB, respectively [17].

2.3.1 mmWave Propagation

From the measurement campaign carried out in a real dense urban environment and reported

in [18–20], path loss can be modeled with three states: Line of Sight (LoS), NLoS and outage

(out). Each link is characterized by the channel state probabilities pLoS, pNLoS and pout,

which are expressed in terms of the distance d between the UE and the gNB as follows

pout(d) = max(0, 1− e−aoutd+bout)

pLoS(d) = (1− pout(d))e−aLoSd

pNLoS(d) = 1− pout(d)− pLoS(d)

(2.3)

where aout = 0.0334 m−1, bout = 5.2 and aLoS = 0.0149 m−1 (all these values are taken

from [21] assuming a carrier frequency of 28 GHz). On the other hand, the path loss is given

by:

ℓ(d)[dB] = α+ β10 log10(d) (2.4)

where ξ ∼ N(0, σ2) is the log-normal shadowing, and the parameters α, β, σ, derived in [21],

are reported in Table 2.1 and depend on the carrier and the LoS or NLoS link state.
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CHAPTER 2. MILLIMETER-WAVES IN 5G CELLULAR NETWORKS

2.3.2 mmWave MIMO Channel

The channel, which is based on a WINNER II model [22], is assumed to be composed of

a random number K of clusters, each corresponding to a macro-level scattering path. The

models for the large-scale parameters are also carrier and link-state dependent. At the

receiver, the number of estimated clusters is given as the maximum value between 1 and a

Poisson random variable whose mean λ is related to the carrier frequency as explained in [21].

For each cluster k, the number of sub-paths is modeled as an integer random variable Lk

uniformly distributed in {1, . . . , 10}. Given a set of clusters and of sub-paths for a channel,

we can compute the channel matrix as

H(t, f) =
K∑︂
k=1

Lk∑︂
l=1

gkl(t, f)uRx(θ
Rx
kl , ϕ

Rx
kl )u

∗
Tx(θ

Tx
kl , ϕ

Tx
kl ) (2.5)

where Lk is the number of sub-paths in cluster k, gkl(t, f) is the small-scale fading over

time and frequency and uRx(·) and uTx(·) are the spatial signature vector of the receiver

and transmitter, respectively. Spatial signatures are computed with horizontal and vertical

Angles of Arrival (AoA) θRx
kl , ϕ

Rx
kl , and horizontal and vertical Angles of Departure (AoD)

θTx
kl , ϕ

Tx
kl , where k = 1, . . . ,K is the cluster index and l = 1, . . . , Lk is the sub-path index

within the cluster.

The small-scale fading is generated based on the number of clusters, the number of

sub-paths in each cluster, the Doppler shift, the power spread, and the delay spread, as

gkl(t, f) =
√︁
Plke

j2πfdcos(ωkl)te−j2πτklf (2.6)

where Pkl is the power spread of sub-path l in cluster k, fd is the maximum Doppler shift,

ωkl is the angle of arrival of sub-path l in cluster k with respect to the direction of motion,

τkl is the delay spread of sub-path l in cluster k and finally, f is the carrier frequency.

The power spread Pkl is obtained by following [23] as

Pkl =
P ′
kl∑︁
P ′
kl

P ′
k =

U rτ−1
k 10−0.1Zk+Vk

Lk

(2.7)

where Uk ∼ U [0, 1], Vk ∼ U [0, 0.6] and Zk ∼ N(0, ζ2), while parameters rτ and ζ are found

in [21].
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Chapter 3
Spectrum Sharing Specifications

In this chapter, we discuss resource sharing, a key dimension in mmWave network design in

which spectrum, access and/or network infrastructure resources can be shared by multiple

operators. It is argued that this sharing paradigm will be essential to fully exploit the

tremendous amounts of bandwidth and the large number of antenna degrees of freedom

available in these bands, and to provide statistical multiplexing to accommodate the highly

variable nature of the traffic. Regulators all around the world have started identifying the

portions of the spectrum that will be used for the next generation of cellular networks. In

this respect, a band in the mmWave spectrum will be exploited to increase the available

capacity. In response to the very high expected traffic demand, a sharing mechanism may

make it possible to use the spectrum more efficiently.

In our works [5–7, 24, 25], we investigate and compare various sharing configurations in

order to capture the enhanced potential of mmWave communications. Our results reflect

both the technical and the economical aspects of the various sharing paradigms. We deliver

a number of key insights, corroborated by detailed simulations, which include an analysis of

the effects of the distinctive propagation characteristics of the mmWave channel, along with

a rigorous multi-antenna characterization.

3.1 Introduction

With the severe spectrum shortage in conventional cellular bands, mmWave frequencies

between 10 and 300 GHz have been attracting growing attention as a possible candidate

for next-generation micro- and pico-cellular wireless networks. The mmWave bands offer

orders of magnitude greater spectrum than current cellular allocations and enable very high-

dimensional antenna arrays for further gains via beamforming and spatial multiplexing.

However, due to the unique nature of propagation in these bands, cellular systems will need

to be significantly redesigned [9]. Resource sharing is among the most promising approaches
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to better leverage the potential of mmWave-based frequencies in cellular communications.

Resource sharing has common challenges with heterogeneous networks. Although dens-

ification has observable limits for microwave frequencies, it is shown in both [26] and [27]

that denser deployments are advantageous for mmWave bands because of their different

propagation characteristics for LoS and NLoS environments [21].

3.1.1 Related Works

In the recent literature, we can find severals contributions that relate to spectrum and

infrastructure sharing in both the microwave and the mmWave bands. Here described in

the following the most relevant.

3.1.1.1 Spectrum sharing

In the microwave bands, where interference is the main limiting factor, competitive and

greedy sharing methods might result in severe underutilization of the spectrum, as shown

in [28]. A viable sensing approach for dynamic inter-operator spectrum sharing for an LTE-

A system with carrier aggregation is proposed in [29]. Under the assumption of partial

interference suppression, the optimality of full-spectrum sharing is validated by means of

simulations in [30]. In the mmWave bands, interference avoidance has been shown to give

optimum results for WiGig under dense deployments [31], [32]. However, the directional

transmissions typically used at these frequencies allow considerable throughput gains even

with blind reuse of frequency bands, e.g., as shown in [33], where a ray-tracing model is used

to characterize the channel. The authors in [34] propose an interference sensing beamforming

mechanism in Wireless Personal Area Networks (WPANs) that outperforms blind selection

algorithms by 15%− 31%. In [35], based on a simplified channel and antenna model and on

a stochastic geometry approach, the authors show that sharing spectrum licenses increases

the per-user rate when antennas have narrow beams, and that if network operators share

their licenses, they can achieve the same per-user median rate as if each had an exclusive

license with more bandwidth.

3.1.1.2 Infrastructure sharing

Load-aware strategies for the microwave bands are proposed in [36], through an approach

based on cognitive spectrum sensing capabilities. In [37], the authors investigate the current

technological, regulatory, and business landscape from the perspective of sharing network

resources, and propose several different approaches and technical solutions for network shar-

ing. In [35], co-location of base stations in the mmWave bands is considered. Through a

simplified analytical approach, the authors document the potential benefits of infrastruc-

ture sharing, although the sensitivity of such results to more accurate channel and antenna
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Figure 3.1: Considered {spectrum, access, infrastructure} sharing configurations.

models is not discussed.

3.2 Preliminary Evaluation

3.2.1 Sharing Configurations

As in both [6,35], in this first analysis we want to compare different sharing configurations,

and to derive some insights about the feasibility and performance benefits of resource sharing

in mmWave networks. The scenarios considered in this evaluation are reported in Figure 3.1,

and described in the following.1

Scenario 1 (No Sharing): This is our benchmark, where operators transmit in their

own bands, which are orthogonal to each other, and utilize their own network infrastructures.

Moreover, users can only connect to the operator they subscribe to. This is a traditional

network architecture, used to assess the performance improvements obtained by the various

sharing options.

Scenario 2 (Spectrum plus Access): Network providers share the same spectrum,

and thus have a wider available bandwidth. They operate on separate infrastructures, but

users can be associated to any operator. Due to the intrinsic complexity of this scenario,

where full coordination is needed among the service providers to enable access sharing,

it serves as an upper bound for the more realistic scenarios illustrated below. From a

1In this evaluation, we implicitly refer to the common case of two operators. Extension to the case of
more than two operators is straightforward.
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Table 3.1: Simulation parameters used in the preliminary spectrum sharing evaluation.

Value Description (Notation)

2 Number of operators (M)
200 UE/km2 UE density (λUE)
30 gNB/km2 gNB density (λgNB)

1 km2 Area of the simulations (A)
30 dBm Transmitting power (PTX)
28 GHz Carrier frequency (f)
1 GHz Total bandwidth (W )
7 dB Noise figure (NF )

64 elements [8× 8] UPA TX antennas (nTX)
16 elements [4× 4] UPA RX antennas (nRX)

mathematical point of view, this case corresponds to the previous one with twice the densities

of UEs and gNBs and a double amount of bandwidth.

Scenario 3 (Spectrum): Network providers share the same spectrum but operate on

separate infrastructures. Unlike in the previous scenario, users can only connect to their

associated operator.

Scenario 4 (Spectrum plus Infrastructure): This is similar to Scenario 3, but with

co-located gNBs, so that, besides sharing their spectrum, the operators also use a common

network infrastructure. More precisely, each gNB site hosts one antenna for each operator.

Note that this can be achieved if each of the two operators acquires half as many gNB sites

and shares them with the other, thereby obtaining a dense infrastructure (with improved

Signal to Interference plus Noise Ratio (SINR) and rate coverage) at a reduced cost compared

to the case of separate infrastructures.

3.2.2 Evaluation Results

All our simulation parameters are reported in Table 3.1, where we assume that each of the

two networks own a license for 500 MHz. In Scenarios 2, 3 and 4, both networks share their

spectrum licenses, so that the same 1 GHz of total bandwidth is available to both operators.

Our simulations follow a Monte Carlo approach, in which many independent experiments

are repeated to empirically derive statistical quantities of interest. Each experiment consists

in (i) deploying UEs and gNBs according to two Poisson Point Process (PPP), as done

in [6, 35] and [36], (ii) establishing UE-gNB associations according to a minimum path loss

criterion, and (iii) computing the SINR of the user at the center of the area. The SINR

statistics are estimated based on 104 repetitions of this procedure.

For a detailed comparison of the performance of the various sharing options, we compare

all scenarios in Figures 3.2 and 3.3, focusing on a realistic channel and antenna represent-

ation. In terms of SINR coverage, a full-spectrum and access sharing configuration, i.e.,

Scenario 2, outperforms any other configuration. This, as explained in the previous section,
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Figure 3.2: SINR coverage comparison for all scenarios.
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Figure 3.3: Rate coverage comparison for all scenarios.

serves as an upper bound because of the access sharing complexity, and is due to the fact

that each user has more association opportunities and therefore better signal quality. Con-

figurations with spectrum sharing and closed access, like Scenarios 3 and 4, show less SINR

coverage than the no-sharing case of Scenario 1 (see Figure 3.2), because of the increased

interference, but outperform it in terms of rate coverage (see Figure 3.3), because of the

increased available bandwidth. Finally, we can note that Scenario 4, which is the most

favorable setting for the operators from an economic perspective2, presents only a slight

degradation compared to Scenario 3. While this degradation was expected because of the

constraints on gNB placement imposed by infrastructure sharing, it is interesting to observe

that the performance loss is actually quite limited, especially in terms of rate. This shows

that infrastructure sharing has the potential to provide an economical means to densify the

2This is due to the fact that network providers share the infrastructure costs of deployment.
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network, achieving a performance level similar to what could be obtained with separate

infrastructures, while using only half as many gNB sites.

3.2.3 Final Remarks

Based on the results shown in this section, we can draw the following key conclusions:

• Operators that share their licenses (frequency bands) can access more resources, thus

providing higher rate for the average user of both providers.

• Full-spectrum and access sharing outperforms any other sharing scheme, in terms of

both SINR and rate coverage, as users have more opportunities to find a gNB in-range

(because of the increased gNB density) and can achieve higher data rates (because of

the increased bandwidth).

• Scenarios with co-located antennas, namely infrastructure sharing, can obtain the per-

formance gains achievable by network densification while incurring a significantly re-

duced deployment cost.

In this evaluation, we showed how resource sharing represents a solution to better leverage

the potential of mmWave technology for cellular networks, where very large bandwidths and

many antenna degrees of freedom are available. Through some detailed simulation results

based on accurate channel and antenna models, we have characterized the benefits of resource

sharing in these bands. In particular, the desirability of a full-spectrum and infrastructure

sharing configuration, which results in increased user rate as well as in economical advantages

for both service providers.

3.3 Dynamic Spectrum Sharing

In study [25], moving within the European and Italian regulatory conditions, we evaluate

and then propose the use of Licensed Spectrum Access (LSA) to coordinate sharing among

cellular operators. Additionally, we show some preliminary results on our research activities

which are focused on a dynamic spectrum sharing approach applied in simulated 5G cellular

scenarios.

3.3.1 Motivations

The next generation of cellular networks will need to cope with a very high mobile traffic de-

mand, due to the expected increase in the number of connected devices and of the traffic they

produce [38]. We have already discussed in the previous chapter that, as an enabler for these

capacity-intensive applications, the mmWave band has been identified as a promising can-

didate for communication, thanks to the availability of wide portions of free spectrum [10].
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Therefore, the fifth generation of cellular networks (5G), which is currently being standard-

ized by the 3rd Generation Partnership Project (3GPP), will introduce carrier frequencies

in the mmWave bands.

In the meantime, in addition to the 3GPP specification, spectrum regulators are provid-

ing indications on the mmWave bands they plan to release, and on the authorization mech-

anisms they plan to use in these frequencies. In the European spectrum specifications [39],

each Member State should indicatively consider the range of frequencies between 24.25 and

27.5 GHz in a way to uniformly spread the use of 5G frequencies throughout Europe. Fur-

thermore, eachMember State is required to be flexible in the mix of authorization approaches

to use. Alternative authorization approaches may include general authorization regimes (li-

cense exemption), exclusive license, licensed shared use between different UEs, geographical

sharing (comprising sub-national, regional and site-specific licensing, including at the local

level directly to businesses), or more dynamic approaches to spectrum sharing in time and

space, possibly using geolocation databases [39].

Another important aspect, which should be properly settled, regards the coexistence of

5G systems around the 26 GHz band (or equivalent mmWave bands) with other services

such as wireless fixed links and also Fixed-Satellite Services (FSSs) [40]. Depending on the

location of the fixed links, the demand for 5G small cells, and the extent to which interference

can be mitigated using new technologies, it may be possible to deploy 5G small cells within

the same frequency range as some of these existing fixed links.

Even if the mmWave spectrum is large, in order to fit multiple operators in the available

band, high 5G performance will only be possible with intelligent spectrum management

mechanisms. For this reason, there arises a question from the regulators on how to efficiently

use the available spectrum. According to regulatory rules which impose the full use of the

band, and in order to address the question of how to properly use the available spectrum,

in this work we propose a spectrum sharing solution for the mmWave band in 5G cellular

scenarios. This requires an adaptive technology which can control and coordinate the sharing

between operators. This technology must operate with a known language so that it can be

used by all the entities in the network. To be precise, in this work we suggest the use of

either a LSA approach or similarly the use of a third-party spectrum broker, both with the

role to control and dynamically coordinate the sharing of licensed spectrum and efficiently

use the resources according to operators needs. For example, if in a particular spatial and

time instance the traffic grows faster and traditional exclusive spectrum is not enough, LSA

allows for sharing while meeting the requirements of mobile operators and incumbents for

predictable conditions of spectrum use and Quality of Service (QoS). The accessible band

of any operator can be dynamically adjusted according to the needs of each network in the

environment at any particular instant. Efficient spectrum sharing is necessary to provide

fairness in the allocation as well as service satisfaction across multiple UEs while maximizing
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Figure 3.4: The LSA architecture reference model [41].

the spectral efficiency and the utilization of the total available bandwidth. In order to use

the available spectrum in an efficient way, there should not be any unused resources. LSA

may be a proper approach to avoid this issue, as it facilitates access to additional licensees

in bands which are already in use by one or more incumbents3. We note that this should not

be confused with the Licensed Assisted Access (LAA) approach, a technology which involves

the sharing and aggregation of different bands (e.g., unlicensed spectrum) or also different

Radio Access Technologies (RAT). Instead, LSA is a concept which permits to dynamically

share the band, whenever and wherever it is unused by the incumbent users, i.e., Primary

Users (PUs). The shared use of the spectrum is only allowed on the basis of an individual

authorization (i.e., operators holding an LSA license or registered to use the band). As

shown in Figure 3.4, each operator (i.e., incumbent) can request an LSA license through

the LSA repository [41]. Then, the LSA controller, in agreement with the administrative

entity, has the task to address all the license requests. LSA is defined within the framework

of the European Union as: “a regulatory approach aiming to facilitate the introduction of

radiocommunication systems operated by a limited number of licensees under an individual

licensing regime in a frequency band already assigned or expected to be assigned to one or

more incumbent users” [39]. Under this approach, the additional users are authorized to use

the spectrum (or part of the spectrum) in accordance with sharing rules included in their

rights of use of the spectrum, thereby allowing all the authorized users, including incumbents,

to provide a certain QoS [39].

3.3.1.1 Related Works

Works [42,43] and [44] discuss possible sharing approaches that can be used for future mobile

scenarios. However, in all these survey works simulation results are missing and a detailed

mmWave environment was not considered. Some simulations and numerical evaluations

were presented in [6, 24] and [45]. In both [6] and [45] it is shown that spectrum sharing at

3For example, such an incumbent may be a telephone service provider (i.e., an operator) that owns the
license for the band.
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mmWave has the potential for a more efficient spectrum use than a traditional exclusive spec-

trum allocation to a single operator. Work [24] introduces a hybrid spectrum access scheme

for mmWave networks, where data packets are scheduled through two mmWave carriers with

different characteristics. In particular, the authors combined a lower mmWave band with

exclusive access and a higher mmWave band where spectrum is pooled between multiple

operators. As a result, the investigation shows that this approach provides advantages for

the average UE with respect to traditional fully licensed or fully pooled spectrum access

schemes. The approach in [24] is dynamic, but cannot change during transmission, which

means that the spectrum allocation is done only once, e.g., before starting the transmission.

Differently, work in [46] reports a comparison between fixed and dynamic spectrum sharing

and shows that dynamic spectrum sharing can benefit from spectrum handoff to enhance the

rate performance by switching from the unavailable channels to the available ones, thereby

maximizing the utilization of the total available bandwidth. Generally, dynamic spectrum

sharing can benefit from spectrum handoff. On the other hand, static spectrum sharing can

avoid the impacts of spectrum handoff delay by allowing Secondary Users (SUs) to back off

and wait if any PU is using the same channel. In [47], the authors proposed a spectrum

market mechanism where sharing is promoted explicitly by the government which regulated

the use of the spectrum. The frequency regulator offers subsidy support to the wireless op-

erators and requires a performance metric to be reported. Therefore, the spectrum is better

exploited and all the entities benefit from this approach. Finally, work [48] proposed the use

of a geolocation database together with a spectrum broker to control the time and spatial

allocation of the band.

None of the above-related works have discussed the possibility to apply an LSA approach

or a third-party spectrum broker as a controller which helps to improve the spectral efficiency

of the networks in mmWave bands. For this reason, in our study we are suggesting the use

of such approaches for mmWave bands in a way to improve the spectral efficiency and the

QoS that operators can ensure to the customers.

3.3.2 Spectrum Use

3.3.2.1 Sharing Mechanisms

Before entering into the details about the Italian spectrum specifications4, we discuss in this

first part the two possible mechanisms that can be used to dynamically allocate spectrum.

On one hand, we can consider an LSA approach where the administrative entity has direct

control of the licensed band and also the temporal LSA licenses which are distributed to the

other operators, i.e., the secondary users (SUs). On the other hand, a spectrum broker can

also be considered which is not directly controlled by an administrative entity, but rather

4We are considering the Italian spectrum regulator because it was one of the first agencies setting conditions
on the use of mmWave bands for 5G [49].
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by a third-party company. In this second approach, only an agreement between operators is

required, so that more complex business models become possible. It is clear that both these

allocation procedures depend on the spatial region considered. Therefore, a geolocation

database will be needed to store information about which portion of the band is shared and

in which region.

Furthermore, an additional economic study is required, in order to understand if op-

erators have business advantages to dynamically share the spectrum. In this preliminary

analysis, we are not focusing on any economic aspects. Therefore, we reserve as a future

work the study of how to optimize the use of spectrum considering also a cost model for

sharing the band.

In the following section, we will analyze in detail the Italian spectrum specifications for

the 5G mmWave band. However, similar procedure and considerations can be applied to

other bands according to their corresponding regulatory specifications.

3.3.2.2 Italian regulatory conditions

AGCOM, the Italian spectrum regulator, provides a plan in [49], where 1 GHz of bandwidth

at 26 GHz is designated for 5G applications and allocated for a future auction5. Furthermore,

the entire bandwidth is slotted in five chunks with fixed sizes of 200 MHz each. Each operator

can buy the license for at most two chunks and, if a band is not used, other operators or

services in the area can use the portion of unused spectrum. This last rule is fundamental

in order to efficiently use all the spectrum and avoid waste of resources. This restriction is

valid in relation with the area considered, and therefore the use of the spectrum may vary

in different regions. For this reason, an approach such as LSA combined with geo-location

databases appears to be a proper solution to address the use of resources. A display of the

portion of the band in question can be seen in Figure 3.5. The figure exhibits also the current

use of the frequencies below 26.5 GHz and above 27.5 GHz (e.g., the broadband satellite

communications designated for frequencies between 27.5 and 29.5 GHz). The detailed values

here reported are taken from [49] and are valid for the Italian territory. Even if the concept

proposed in this work is studied focusing on those values, it can be identically considered

in others portion of the spectrum for the other European Member States and likewise other

countries outside Europe.

As a possible result of the auction, five operators can buy a chunk of band each or,

differently, four operators can buy the license of a chunk each, while the last unsold chunk

can be shared among all the operators. Another possible outcome of the auction can see a

single operator owning two chunks (i.e., 400 MHz of band) and the other three owning only

a single chunk each. These are all possible outcomes of the auction. In the next part of

5Even though the document refers to this portion of spectrum as the 26 GHz band, the precise portion of
spectrum is between 26.5 and 27.5 GHz.
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24.25 GHz 26.5 GHz 27.5 GHz 29.5 GHz
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#3#2 #4 #5#1

26.5 GHz 27.5 GHz26.7 GHz 26.9 GHz 27.3 GHz27.1 GHz

Figure 3.5: View of the spectrum around 27 GHz. The top part shows the designated use for each
band, while in the bottom we show the five chunks of 200 MHz each, which will be auctioned in the
Italian territory as specified in [49].

the research activity we will focus on the evaluation of just the first case, which is the most

appropriate choice. Thus, we are considering five operators assigned a chunk of 200 MHz

each.

Following these preliminary assumptions, we examine here a scenario with M = 5 op-

erators indexed by m ∈ {1, . . . ,M}. Each operator owns distinct gNBs with no particular

infrastructure sharing between operators, and the only iterations take place through the

LSA controller. If Wtot = 1 GHz is the total system bandwidth available in the portion of

spectrum accessible for auction (i.e., band around 26 GHz), initially we assume that each of

the five operators is auctioned a Wm = 200 MHz chunk of licensed bandwidth, in which the

m-th operator is the PU and has priority access. Therefore, bands assigned to different oper-

ators are disjoint. In this exploratory study, the effective allocation is dynamically adjusted

according to the instantaneous traffic. In particular, an operator whose traffic is below a

certain threshold must release part of its resources to other operators on a secondary basis.

As previously mentioned, in this study we propose and evaluate an approach where the

spectrum is dynamically allocated. The use of the dynamic access scheme is motivated

by the fact that in some cases an operator may need more resources with respect to the

other operators in a particular area. Thus, a dynamic allocation of the resources can help

to improve the QoS experience of the UEs in a particular time and space instance. The

dynamic approach offers also better balancing of the available resources with respect to the

baseline case, resulting in higher fairness. By adding the dynamic component, the average

throughput and spectral efficiency are further improved thanks to the dynamic allocation of

resources among operators. We note that this approach is reminiscent of the LSA framework,

in fact, the dynamic component of the approach is achieved thanks to the LSA procedure,

which permits to share the unused PU resources with others operators (i.e., SUs) as a way

to better use the entire bands. Similarly, as previously mentioned, this dynamic sharing can

be managed by a third-party broker which has the same distributed role of controlling the

use of resources as in the LSA mechanism. In order to reproduce this behavior, we model a
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scenario where the allocated band for each operator is proportional to its traffic.

3.3.3 System Model and Evaluation Methodology

In order to provide a proof-of-concept evaluation of the proposed dynamic hybrid spectrum

access approach under realistic scenarios for mmWave cellular systems, we study it through

a simulation methodology, where detailed models are used for all important effects and vari-

ables (including in particular channel characteristics and association policies), as described

below. To do this, we simulate a dense area where multiple operators are co-located, and

compare the performance of a baseline configuration with one based on dynamic sharing.

3.3.3.1 Deployment Model

For each operator m ∈ {1, . . . ,M}, the positions of the UEs and of the gNBs are modeled

according to two PPPs, with densities λUE and λgNB in area A. This corresponds to consid-

ering an unplanned deployment, where gNBs are not optimally located.

3.3.3.2 Channel Model

The MIMO channel matrices are generated according to a statistical channel model derived

from a set of extensive measurement campaigns in New York City [21]. We capture the

metric of interest from the typical user located in the center of the area. With this method,

we remove the border effects by considering all the interfering terms, thereby correctly

evaluating the statistics of interest for the typical user.

3.3.3.3 Beamforming

We model the antennas as a Uniform Planar Array (UPA) with λ/2 spacing at both the

gNB and the UE. Furthermore, we precisely model the antenna radiation pattern following

the 3GPP specifications, as done in [50]. This permits to carefully characterize the steering

beams, and therefore to have a precise knowledge of the amount of power irradiated by

the antenna arrays in all directions, thus accurately computing the desired and interfering

signals. Among other simplifications, this model assumes perfect beam tracking and the

ability to form an arbitrary beamforming vector. Therefore, we can generate a beamforming

vector for any possible angle and we also assume perfect alignment between the beams of

each UE and its serving gNB.

3.3.3.4 Rate and Scheduling Model

For simplicity, in this initial study we assume that the channel gain is flat across time

and frequency. We consider beamforming with single-stream transmissions (i.e., we do not

consider spatial multiplexing) to any one UE. Thus, we define with term Gij the desired gain
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between gNB i and UE j. Similarly, we consider the gain Gijk from an interfering gNB k

from the same operator m. In this case, the UE will experience a time-varying interference

as the interfering gNB directs its transmissions to the different UEs it is serving6. The SINR

is then given by

γij =

PTX
ℓij

Gij∑︁
k ̸=i

PTX
ℓkj

Gijk +WmN0

(3.1)

where PTX is the total transmit power from the gNB, N0 is the thermal noise power spectral

density and ℓij is the path loss between gNB i and UE j and is computed considering LoS,

NLoS and outage states [21]. The summation in the denominator of (3.7) is over all gNBs

k in the band, including gNBs of the same operator. Note that, within the cell, we assume

that UEs are scheduled on orthogonal resources (e.g., in time or frequency) and hence there

is no intra-cell interference.

Using the SINR expression in (3.7) we approximate the throughput for the j-th user (Bj)

as follows

Bj =
Wm

N
(m)
i

log2 (1 + γij) (3.2)

where the total available resources, which are identified by the band Wm, are split among

all the N
(m)
i users of operator m associated to the i-th gNB. The ratio between the total

bandwidth Wm and the number of users N
(m)
i associated to the specific carrier provides the

average amount of resources allocated to the j-th user over time.

We are also interested in the evaluation of the achievable performance in the case in which

the transmission is performed with a coordination mechanism which permits to properly

avoid inter-cell interference. In this last particular case, the interference can be neglected

and the SINR formula in (3.7) can be approximated with the Signal to Noise Ratio (SNR)

expression as follows

γ̂ij =

PTX
ℓij

Gij

WmN0
(3.3)

3.3.3.5 Carrier Association

In cell and carrier association, each UE j must be assigned a serving gNB cell i. To be

precise, each UE is associated with the gNB that provides the smallest path loss among

all the available gNBs of the operator. Multiple UEs can be associated with a single gNB,

while the gNB serves only a single UE per unit time slot according to a uniformly random

scheduler.

6Detailed explanations of the channel, antenna and gain characterizations and calculations can be found
later in this thesis in Sections 4.2 and 4.3.1, but also in works [21,24] and [50].
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3.3.3.6 Evaluation Approach

In order to evaluate the benefit of a dynamic sharing approach, we present a preliminary

analysis of two different scenarios. As the baseline case, we consider a scenario where all the

operators are serving the associated UEs using only the licensed chunk of band they own.

As an alternative scenario, we consider a dynamic case where the resources are split among

the operators according to the number of associated UEs in the area.

This simulation tool permits to understand the benefit and the achievable throughput

of a system with a dynamic use of the resources. To be precise, defining as the typical gNB

the gNB to which the typical UE is associated, we compare the number of associated UEs

to the typical gNB with respect to all the other gNBs in the area. We then split the total

band Wtot according to the need of each operator in the considered area. For instance, if the

typical gNB of operator m has fewer associated UEs with respect to the other gNBs in the

area, the allocated band Wm used for the transmission of the typical gNB will be smaller

with respect to the licensed chunk operator m has licensed. Thus, the remaining part of the

chunk will be shared and then allocated to other operators in the area with a larger number

of associated UEs. Conversely, if the typical gNB has more associated UEs with respect to

the other gNBs in the area, the allocated band used for its transmission will be larger than

the licensed chunk, therefore the use of some portions of bands licensed to other operators

will be necessary.

We use the Jain fairness measures to determine whether users are receiving a fair share

of the system resources [51]. The fairness for a set of n throughput values is computed as

J (B1, B2, . . . , Bn) =
(
∑︁n

i=1Bi)
2

n
∑︁n

i=1B
2
i

(3.4)

The metric J ranges from 1
n , which represents the worst case, to 1 (best case), and it is

maximum when all UEs have the same throughput.

3.3.4 Numerical Results

We report in this section results obtained from the analysis we have done in order to un-

derstand the advantages that an efficient use of the spectrum can bring. As previously

explained, we are comparing two different simulation scenarios: (i) the baseline where the

chunks of the band are equally and exclusively split among five operators; (ii) a scenario

where operator bands are shared and dynamically adjusted in relation to the needs of the

operators in a particular region.

We report in Figure 3.6 the empirical CDF of the throughput for the typical UE in all

the compared configurations. As we can see, the procedure in which the band is dynamic-

ally adjusted according to the area results in better fairness among the UEs. In fact, the

throughput is reduced for the best users (i.e., upper right part of the curve) while at the
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Figure 3.6: Empirical Cumulative Distribution Function (CDF) of the throughput (B) per UE in the
two configurations evaluated. In particular, the dashed lines are used for throughput representations
when interference is neglected, thus SNR is considered instead of SINR. Figure obtained considering
a gNB density of 75 gNB/km2 for each operator.

same time, passing from the blue curve to the yellow one, the throughput is improved for

all the other users (e.g., worst and medium UEs). This means that the users in the dynamic

procedure experience better fairness and the overall spectral efficiency increases. Similar

behavior is achieved when the term γ̂ij (i.e., SNR) is considered. As expected, the through-

put is bigger if an interference avoidance mechanism is adopted (as shown by the dashed

curves). Furthermore, this last set of curves (i.e., when SNR is considered in place of the

SINR) allows us to understand the upper bound that can be reached in the case in which

all the interference conditions can be mitigated in the system.

Moreover, in Table 3.2 we report the Jain fairness measure and the average UE through-

put varying the gNB density, which is considered equal for all the operators in the area. We

recall that, even if the densities of UEs and gNBs are fixed and equal for all the operators,

the precise number of nodes deployed is random and follows two independent PPPs. As

the table reports, with the dynamic use of the spectrum, the average throughput is slightly

bigger than the baseline, but more importantly, the fairness increases, which means that

resources are better assigned among all the UEs. Other spectrum sharing techniques (i.e.,

the ones studied in [6, 24, 45]) can further improve the average throughput and the spec-

tral efficiency, although drastically reducing the fairness among the UEs. Moreover, such

schemes would require accurate coordination, which may be costly in dense networks.
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Table 3.2: Comparison of the Jain fairness measure and the average UE throughput B̄ [Gbps]
varying the gNB density per operator.

50 gNBs/km2 75 gNBs/km2 100 gNBs/km2

baseline
J 0.6798 0.7384 0.7584
B̄ 0.2333 0.2422 0.2475

dynamic
J 0.8406 0.8719 0.8834
B̄ 0.2359 0.2510 0.2527

3.3.5 Remarks and Future Directions

With this evaluation we suggest the use of an LSA or a third-party spectrum broker ap-

proach to dynamically share the total system band among operators in 5G mmWave cellular

networks. In the context of the Italian regulator, which in turn follows the European direct-

ives, we suggest the use of a dynamic allocation of resources among operators. It appears

useful to use a dynamic sharing approach for these frequencies in a way to better manage the

spectrum and improve UE fairness. Our preliminary results show that dynamically sharing

the spectrum according to the number of UEs associated to each operator results in better

fairness among the UEs and also in the improvement of both spectral efficiency and user

QoS.

As a future extension of this study, it appears interesting to further research spectrum

sharing approaches in line with the specifications of the regulators. An improvement of

the preliminary analysis is required, focusing also on other specific outcomes of the auctions

between operators. Moreover, as previously mentioned, an economic study is needed in order

to optimize the use of spectrum considering also a cost model for the network operators that

use the shared bands.

3.4 Hybrid Spectrum Sharing

While spectrum at mmWave frequencies is less scarce than at traditional frequencies below

6 GHz, still it is not unlimited, in particular if we consider the requirements from other

services using the same band and the need to license mmWave bands to multiple mobile

operators. Therefore, an efficient spectrum access scheme is critical to harvest the maximum

benefit from emerging mmWave technologies. In this last section, we introduce a new hybrid

spectrum access scheme for mmWave networks, where data packets are scheduled through

two mmWave carriers with different characteristics. In particular, we consider the case of a

hybrid spectrum scheme between a mmWave band with exclusive access and a mmWave band

where spectrum is pooled between multiple operators [7, 24]. To the best of our knowledge,

this is the first study proposing hybrid spectrum access for mmWave networks and providing

a quantitative assessment of its benefits. Our results show that this approach provides
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advantages with respect to traditional fully licensed or fully pooled spectrum access schemes,

though further work is needed to achieve a more complete understanding of both technical

and non-technical implications.

3.4.1 Motivations

mmWave communications has emerged as a key disruptive technology for both cellular net-

works (5G and beyond) [10,11,52–54] and Wireless Local Area Network (WLAN) (802.11ad

and beyond) [55,56]. While spectrum is extremely limited in traditional bands below 6 GHz,

mmWave frequencies offer potentially orders of magnitude greater bandwidths. In addi-

tion, thanks to the small wavelength, mmWave communication is typically characterized by

transmission and reception with very narrow beams, enabling further gains from directional

isolation between mobiles [17,57].

This combination of massive bandwidth and spatial degrees of freedom may make it

possible for mmWave to meet some of the boldest 5G requirements, including higher peak

per-user data rate, high traffic density, and very low latency [58,59]. However, even spectrum

at mmWave is obviously not unlimited, in particular if we consider the requirements from

other services (e.g., satellite and fixed services [40]) and the need to license mmWave bands

to multiple mobile operators. Therefore, an efficient spectrum access scheme is critical to

harvest the maximum benefit from emerging mmWave technologies [45].

As regulatory authorities are considering opening up some mmWave bands for cellular

use, the licensing and usage models for these bands require some studies. At root, the mm-

Wave bands present three unique features not present at lower frequencies. First, due to

the massive bandwidth and spatial degrees of freedom, the mmWave bands could be highly

under-utilized if large bandwidths are allocated exclusively to a single operator. For ex-

ample, a scaling law analysis in [60], as well as simulations in [4], demonstrate that links

may become power-limited in wide bandwidth regimes, thereby forgoing the benefits of the

large numbers of degrees of freedom. Second, mmWave communications are typically char-

acterized by transmissions with very narrow beams. Third, mmWave signals suffer from

major propagation-related shortcomings, such as a relatively short range and the difficulty

of providing a robust connection, which makes it challenging to provide a consistent user ex-

perience. To overcome these shortcomings, mmWave networks have been usually envisioned

in the context of heterogeneous deployments [61–64], where part of the connection is carried

out with an anchor over a traditional sub-6 GHz carrier and part via a mmWave carrier.

More recent results have shown that even stand-alone mmWave systems can be deployed,

and in this case it becomes of interest to study systems where the use of different bands in

the very wide mmWave spectrum (e.g., at lower frequencies – around 30 GHz – and at

higher frequencies – around 70 GHz) may provide complementary features, thereby enabling

a more efficient use of the spectrum resources, especially in the context of a spectrum sharing
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paradigm [45]. Such a heterogeneous mmWave deployment paradigm is consistent with the

choice made by the 2015 World Radio Conference (WRC), where different bands, ranging

from about 24 GHz to 86 GHz, were selected for further studies on their use in future 5G

systems [65].

These features raise some broad questions that are the main motivation for this study,

e.g., how the mmWave spectrum should be utilized amongst multiple operators and, spe-

cifically, to what extent spectrum should be shared and how the optimal spectrum sharing

arrangement varies with the different frequency bands. The main goal of this research activ-

ity is to provide some initial answers to these important questions, with focus on technical

and network performance issues.

3.4.1.1 Traditional spectrum access models for mobile communications

Traditionally, wireless data services have been delivered mainly by using two different spec-

trum access models. Under the exclusive model, each mobile operator is granted the exclusive

right of use of a spectrum band to provide mobile services. Exclusive spectrum access has

been one of the key factors for the successful deployment of cellular systems since their

inception, and it is by far the default model to provide mobile services. Under the license-

exempt (also referred to as unlicensed) model, spectrum is allowed to be used by several

users/mobile operators. While there is no guaranteed access to an instantaneously fixed

amount of spectrum, politeness rules (e.g., based on a Listen-Before-Talk (LBT) principle)

are in place to promote a fair use of the spectrum. The license-exempt spectrum model has

been one of the key factors for the successful deployment of WiFi as a ubiquitous way of

connecting devices to the Internet. The spectrum pooling model has also been considered as

an intermediate paradigm, where a small number of operators are granted access to the same

spectrum resources, with rules that are known a priori [66]. Although spectrum pooling still

does not provide guarantees for the access to an instantaneously fixed amount of spectrum,

it does ensure some level of predictability and of short-term and long-term fairness [67]. We

note that spectrum pooling is a subcase of co-primary spectrum sharing, where an operator

is authorized to share a band with a limited number of other spectrum users (for example

sharing between fixed links and satellite services licensed on the same band) [67,68].

Many other sharing paradigms have been considered in addition to co-primary sharing,

like sharing between a primary and a secondary user (vertical sharing) [69], sharing on a

geographic basis [70], licensed shared access (e.g., via databases) [71], and sharing via license-

exemption [43]. However, herein we mainly consider spectrum pooling, although our results

can be extended also to the case of license-exemption.
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3.4.1.2 The emergence of hybrid spectrum access for sub-6 GHz wireless com-

munications

Recently, new technologies have emerged that aggregate spectrum in both exclusive and

license-exempt bands, routing packets to the carrier frequency that best matches their re-

quirements. Aggregation is implemented in a way to permit a very rapid switch between

exclusive and license-exempt carriers, effectively realizing a hybrid spectrum access regime.

Examples of these technologies are LTE-LAA, LTE-WiFi Link Aggregation (LWA) and LTE-

WiFi integration at the IP layer (LWIP) [72–76]. LAA is an extension of carrier aggregation

that allows aggregating licensed carriers with license-exempt spectrum at 5 GHz, in the

same bands used for WiFi. In particular, it uses licensed spectrum for control-related trans-

missions while sending data over either licensed or licence-exempt spectrum via MAC-layer

switching7. LWA is a framework standardized by 3GPP aiming at providing a tight radio-

level interaction between LTE and WiFi. Using LWA, aggregation between LTE and WiFi

is implemented at the base station at the Packet Data Convergence Protocol (PDCP) layer,

where scheduling decisions can be made based on real-time channel conditions. LWIP is

similar to LWA, but aggregates traffic at the Internet Protocol (IP) layer in a way to route

IP packets to either an LTE base station or a WiFi access point via an IPSec tunnel.

3.4.1.3 Which spectrum access for mmWave networks?

As discussed above, an efficient spectrum access scheme is a key requirement to maxim-

ally benefit from emerging mmWave technologies [45]. Recent works compared exclusive

spectrum allocation with different types of spectrum pooling or unlicensed models, showing

different results as a function of the assumptions used. Reference [33] introduced a new

signaling report among mobile operators, to establish an interference database to support

scheduling decisions, with both a centralized and a distributed supporting architecture. In

the centralized case, a new architectural entity receives information about the interference

measured by each network and determines which links cannot be scheduled simultaneously.

In the decentralized case, the victim network sends a message to the interfering network

with a proposed coordination pattern. The two networks can further refine the coordination

pattern via multiple stages. Reference [35] studied the feasibility of spectrum pooling in mm-

Wave networks under the assumption of ideal antenna patterns and showed that spectrum

pooling might be beneficial even without any coordination between the different operators.

In particular, [35] showed that uncoordinated pooling provides gains at both 28 GHz and

73 GHz. Reference [45] further developed the results in [33] and [35], focusing on the effect

of coordination and of inaccurate beamforming, and showed that, while coordination may

7An equitable coexistence between LAA and WiFi is guaranteed by mandating that both LAA and
WiFi implement a set of politeness protocols, whose details have been recently defined by the European
Telecommunications Standards Institute (ETSI) Broadband Radio Access Networks (BRAN) committee.
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not be needed under ideal assumptions, it does provide substantial gains when considering

more realistic channel and interference models and antenna patterns. Moreover, it showed

that, under realistic assumptions, spectrum pooling without coordination might be more

feasible at high mmWave frequencies (e.g., 70 GHz) than at low mmWave frequencies (e.g.,

28 or 32 GHz), due to the higher directionality of the beams.

Reference [6] compares different resource sharing paradigms and shows that a full-

spectrum and infrastructure sharing configuration provides significant advantages, even

without resorting to complex signaling protocols for the exchange of information between

multiple operators’ networks. Reference [77] investigates the use of spectrum sharing as

a function of cell association and beamforming, through the formulation of various optim-

ization problems for different levels of inter-operator coordination, and characterizes the

performance gains achievable in different scenarios. Finally, reference [78] studies both tech-

nical and economic implications of resource sharing in mmWave networks. The work shows

that open deployments of neutral small cells that serve subscribers of any service provider

encourage market entry. In fact, neutral small cells make it easier for networks to reach a

sufficient number of subscribers than unlicensed spectrum would.

3.4.1.4 The contribution of this study: hybrid spectrum access for mmWave

networks

This study extends the previous results in [6, 7, 45] and [77] to the case of hybrid spectrum

allocation. In other words, differently from the previous works, where exclusive access and

spectrum pooling were compared, in this work we propose a spectrum access paradigm that

builds on both exclusive access and spectrum pooling. We introduce the use of an iterative

algorithm that permits to evaluate the equilibrium point of the system, and therefore to

precisely appraise our hybrid spectrum sharing procedure. Note that this algorithm is not

meant to represent how a real system would work but is just one possible tool to evaluate

the system. Moreover, with the use of this algorithm we can easily test different allocation

procedures (such as joint carrier and cell or carrier-only), thus we can further show the

benefit of the hybrid procedure suggested under different parameters and different power

constraints. In particular, motivated by the results in [45] where pooling was proved to be

more feasible at high mmWave frequencies, we study the performance of a hybrid spectrum

scheme where exclusive access is used at frequencies in the 20/30 GHz range while pooling

is used at frequencies around 70 GHz8. The two bands are aggregated at the MAC layer as

illustrated in Figure 3.7, and users are allocated to one or the other band to maximize the

8In the following we will refer to the 28 GHz and 73 GHz bands, for which many measurements are
available in the literature (e.g., see [11,18–21]). However, we note that the results herein, possibly with some
minor modifications, would apply to adjacent bands as well. In particular, the results obtained for the 28 GHz
band apply also to the two bands selected by the 2015 WRC [65] for sharing and compatibility studies for
5G, i.e., 24.25 – 27 GHz and 31.8 – 33.5 GHz. The results obtained for 73 GHz apply to the 66 – 76 GHz
band, again selected by WRC-15 for sharing and compatibility studies for 5G.
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Figure 3.7: Block diagram of the joint scheduling that allocates user packets in the different bands.

rate, based on cell load and interference.

Differently from the LAA case, in this study we assume that all the operators sharing

the pooled band have access to an anchor in the licensed spectrum. Moreover, differently

from LAA, that includes politeness techniques based on a LBT protocol permitting co-

existence with WiFi within the same 5 GHz bands, here we investigate the possibility of

providing politeness between different operators sharing the pooled mmWave band by ex-

ploiting mmWave directional characteristics (narrower beams and shorter range) through

load information and an interference-aware scheduler9.

Finally, we note that we consider aggregation between a licensed and a pooled carrier

rather that between a licensed and a license-exempt carrier. Overall, the different spec-

trum sharing assumptions (pooled and unlicensed, with and without an anchor in licensed

spectrum) and the very different directional characteristics lead us to designing a different

solution for hybrid spectrum access at mmWave, compared to the solutions already available

for sub-6 GHz spectrum.

We compare our proposal with two baselines, one relying on exclusive spectrum access

at both 28 GHz and 73 GHz and the other relying on pooling at both 28 GHz and 73 GHz.

Our initial assessment shows that this approach provides advantages for the average user

with respect to traditional fully licensed or fully pooled spectrum access schemes, in terms

of increased throughput, spectral efficiency, and better balancing of the available resources,

9Note that with this term we generically indicate a scheduler that is able to choose the less interfered
carrier. However, this work does not aim to analyze in depth any particular kind of scheduler.
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Figure 3.8: Example of the hybrid spectrum paradigm where four different operators share 1 GHz
in the 70 GHz range, while having each exclusive access to 250 MHz in the 20/30 GHz range.

which results in higher fairness. These results motivate further work towards achieving a

more complete understanding of both technical and non-technical implications of different

sharing paradigms.

3.4.2 Spectrum Access Modes: Exclusive, Pooled and Hybrid

We begin by more precisely defining the various modes for spectrum access. We consider a

scenario with M operators indexed by m ∈ {1, . . . ,M}. Each operator owns distinct gNBs

with no infrastructure sharing between operators. Each gNB supports two mmWave bands:

one at a low carrier cℓ and one at a high carrier ch. In each carrier c, a gNB can radiate a

maximum total power P
(c)
TX over the available bandwidth W (c).

Each carrier can be pooled or exclusive. LetW
(c)
tot be the total system bandwidth available

at carrier c. Exclusive access means that each operator is assigned a bandwidth W (c) =

W
(c)
tot /M , such that bands assigned to different operators are disjoint. As a result, in the

exclusive case, there is no co-channel interference between different operators. A carrier

being pooled instead means that it is shared by all M operators, so that in this case all

operators use the same bandwidth and W (c) =W
(c)
tot . Hence, in this case there is co-channel

interference between operators.

In this section, we propose and evaluate the following novel hybrid spectrum access model

for systems with two carriers:

• Hybrid: The low frequency carrier cℓ is exclusive while the high frequency carrier ch is

pooled (see Figure 3.8 for an example),

which will be compared with the following two baseline approaches:
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• Exclusive only: Both carriers are licensed for exclusive use for all operators;

• Pooled only: Both carriers are pooled for all operators.

The use of the hybrid access scheme is motivated by the results in [45] that showed

that while at “low” cℓ mmWave frequencies (e.g., 20/30 GHz) spectrum pooling requires

coordination between different operators, at higher ch mmWave frequencies (e.g., 70 GHz)

pooling works well even in an uncoordinated setup. As an example of a possible use of

this paradigm, data requiring higher reliability (e.g., control signaling) is routed through

exclusive mmWave spectrum while best-effort data uses pooled mmWave spectrum.

We note that this approach is reminiscent of the LAA framework, recently standardized

by 3GPP [72]. LAA is an extension of carrier aggregation that allows aggregating licensed

carriers with license-exempt spectrum at 5 GHz. The main differences between LAA and

the approach we propose is that here we consider aggregation between a licensed and pooled

carrier rather than between a licensed and a license-exempt carrier10. Moreover, differently

from LAA, that includes politeness techniques to allow coexistence with WiFi within the

same 5 GHz bands, here we investigate the possibility of aggregating licensed and pooled

carriers, by exploiting the directional characteristics (narrower beams and shorter range) of

mmWave bands via an interference-aware scheduler.

From a spectrum authorization perspective, the difference between LAA and the scheme

we propose here is that LAA is built to work on a shared band that is license exempt, i.e.,

where everyone can have an access point compliant with the Radio Local Area Network

(RLAN) standard and deploy it. Some of these access points might be LAA access points

(and therefore exploit an exclusively licensed carrier in a different frequency), while others

might be WiFi access points (and therefore only use license-exempt spectrum). The way

regulators ensure that LAA and WiFi access points equitably share the spectrum is by

mandating the use of a set of politeness protocols. In this study we consider the case where

the spectrum is shared (pooled) by a limited number of users, all of which have access to

an exclusively-licensed band at a different frequency. From a technical perspective, there

is a significant difference related to the use of politeness protocols. Due to the specific

authorization assumption we make, we do not consider politeness protocols, and design our

proposed user/carrier allocation technique accordingly.

3.4.3 System Model and Evaluation Methodology

A precise mathematical analysis of the capacity under different spectrum access models

is difficult due to the inter-relations among interfering operators, the coupling introduced

10We highlight that the main difference between pooled and license-exempt frequencies is that if we enable a
licence-exempt use of the band, we ought to consider mechanisms to ensure an equitable use of the spectrum.
From a technical perspective, this would require further steps compared to what we have proposed up to
now. At lower frequencies (5 GHz) this is already done, but mechanisms used there (e.g., listen-before-talk)
might not apply or might not be optimized for mmWave frequencies.
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by load-aware association policies, and the complex characterization of the MIMO channel

model. Such an analysis requires careful modeling and the use of approximations, and will

be part of our future work. Here, in order to provide a proof-of-concept evaluation for the

proposed hybrid spectrum access approach under realistic scenarios for mmWave cellular

systems, we study the different spectrum access schemes through a careful simulation meth-

odology, where detailed models are used for all important effects and variables (including in

particular channel characteristics and association policies), as described below.

3.4.3.1 Deployment model

For each operator m ∈ {1, . . . ,M}, the positions of the UEs and of the gNBs are modeled

according to two PPPs, with densities λUE and λgNB in some area A. This corresponds

to considering an unplanned deployment, where base stations (i.e., gNB) are not optimally

located.

3.4.3.2 Rate and scheduling model

We letH
(c)
ij denote the MIMO channel matrix from gNB i to UE j at carrier c. For simplicity,

in this initial study we assume that the channel gain is flat across time and frequency. We

assume beamforming with single-stream transmissions (i.e., no spatial multiplexing) to any

one UE. We let w
(c)
RXij

and w
(c)
TXij

denote the RX and TX beamforming vectors that would

be used if gNB i were serving UE j. The generation of the channel matrices and selection

of the beamforming vectors is discussed below.

With single-stream beamforming, the effective Single Input, Single Output (SISO) chan-

nel gain along the serving link is given by

G
(c)
ij =

⃓⃓⃓
w

(c)H
RXij

H
(c)
ij w

(c)
TXij

⃓⃓⃓2
(3.5)

Now, consider the gain from an interfering gNB k. An interfering gNB may be from the

same operator as that of the UE or a different operator within a common pooled band. In

either case, the UE will experience a time-varying interference as the interfering gNB directs

its transmissions to the different UEs it is serving. We let Ḡ
(c)
ijk be the average channel gain

from the interfering gNB k to user j of gNB i, defined as

Ḡ
(c)
ijk =

1

N
(c)
k

∑︂
j′

⃓⃓⃓
w

(c)H
RXij

H
(c)
kj w

(c)
TXkj′

⃓⃓⃓2
(3.6)
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w
(c)
TXmij

(θ, ϕ) =
1

√
nTX

⎡⎢⎢⎢⎢⎢⎢⎢⎣

1
exp(0) exp(−j2π∆ϕ)
exp(0) exp(−j2π∆2ϕ)

...
exp

(︁
−j2π(√nTX − 1)∆θ

)︁
exp(−j2π(√nTX − 2)∆ϕ)

exp
(︁
−j2π(√nTX − 1)∆θ

)︁
exp(−j2π(√nTX − 1)∆ϕ)

⎤⎥⎥⎥⎥⎥⎥⎥⎦
(3.8)

where the averaging is over all UEs j′ served by gNB k. The SINR is then given by

γ
(c)
ij =

P
(c)
TXi

ℓ
(c)
ij

G
(c)
ij∑︁

k ̸=i

P
(c)
TXk

ℓ
(c)
kj

Ḡ
(c)
ijk +W (c)N0

(3.7)

where P
(c)
TXi

is the total transmit power from the gNB in the available bandwidth W (c) at

carrier c, N0 is the thermal noise power spectral density and ℓ
(c)
ij is the path loss between

gNB i and UE j and is computed as described in the following paragraphs. The summation

in the denominator of (3.7) is over all gNBs k in the band, including gNBs of both the

same operator and other operators. Note that, within the cell, we assume that UEs are

scheduled on orthogonal resources (e.g., in time or frequency) and hence there is no intra-

cell interference.

3.4.3.3 MIMO Channel Model

The MIMO channel matrices are generated according to a statistical channel model derived

from a set of extensive measurement campaigns in New York City [18–20, 23]. Details of

this model are given in [21] and were previously described in Section 2.3. In addition to

our basic channel characterization, we consider in this study, a wrap-around procedure that

replicates each transmitting gNB in eight different additional areas all around the main area.

With this method, we remove the cell-edge effects by considering all the interfering terms,

thereby correctly evaluating the statistics of interest for all the users.

We model the antennas as a UPA with λ/2 spacing at both the gNB and the UE. Once

the large-scale parameters are randomly generated, a random matrix H
(c)
ij can be generated

from the UPA array and random small-scale complex fading applied to each sub-path in

the path cluster. Further details regarding the channel characterization can be found in

Section 2.3.
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3.4.3.4 Beamforming

For each channel matrix H
(c)
ij we compute the beamforming vectors at the transmitter (or

receiver) as reported in (3.8), where ∆ is the spacing between the elements of the array,

(θ, ϕ) are the horizontal and vertical angles of the direction of transmission (or reception in

the RX case), and nTX is the normalization factor, which corresponds to the total number

of elements in the antenna array [79]. Note that the only difference between RX and TX is

the number of antenna elements. Among other simplifications, this model assumes perfect

beam tracking and the ability to form an arbitrary beamforming vector. Therefore, we can

generate a beamforming vector for any possible angle between 0 and 360 degrees. We also

assume perfect alignment between the beams of each UE and its serving gNB.

3.4.3.5 Antenna configuration and Power Limits

We consider three different transmitter and receiver configurations:

i) Both bands use the same number of antenna elements: nTX = 64 and nRX = 16. We

consider the same constraint on the Equivalent Isotropically Radiated Power (EIRP)

on both bands, i.e.

E
[︂
|x(c)H

mijx
(c)

mij |2
]︂
≤ PTX, c ∈ {cℓ, ch} (3.9)

where x
(c)
mij is the symbol exchanged between gNB i and UE j of operator m using

carrier c.

ii) We double the number of antenna elements per dimension for the higher band11. Moreover,

we normalize the beamforming coefficients in a way to satisfy the same EIRP constraint

for both bands as in i).

iii) As in ii), we double the number of antenna elements per dimension for the higher band.

However, we consider different EIRP constraints for the different bands:

E
[︂
|x(c)H

mijx
(c)

mij |2
]︂
≤ P (c)

TX, c ∈ {cℓ, ch} (3.10)

Under the assumption of nTX = 64 and nRX = 16 for cℓ and nTX = 256 and nRX = 64

for ch, we can assume the following values for the antenna array gains:

G(cℓ) = 10 log10(64) ≃ 18 dB

G(ch) = 10 log10(265) ≃ 24 dB
(3.11)

11For example, due to the reduced wavelength, with the same antenna array dimension at 73 GHz we can
fit about 2.6 times more elements per dimension than at 28 GHz.
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Table 3.3: Antenna element sizes and transmit power limits for the various power constraints.

# UE antenna

elements

# gNB antenna

elements

gNB power limit

PTX [dBm]

28 GHz 73 GHz 28 GHz 73 GHz 28 GHz 73 GHz

i) 16 16 64 64 30 30

ii) 16 64 64 256 30 24

iii) 16 64 64 256 30 30

28	GHz 73	GHz

Figure 3.9: Examples of beamforming and coverage in the two bands for the three power constraint
scenarios. The left drawing is case i), the one in the middle is constraint ii) and finally, the right
drawing is case iii).

Then:
P

(ch)
TX [dB] = P

(cℓ)
TX [dB] +G(ch) −G(cℓ)

= P
(cℓ)
TX [dB] + 6

(3.12)

We provide a graphical representation of the implications of the different configurations

on the transmit beams in Figure 3.9, and summarize the parameters for the different con-

figurations in Table 3.3. Configuration i) implies that the same beamwidth is used for the

two bands. Moreover, due to the increased path loss at higher frequencies, the higher band

provides a reduced coverage area. Configuration ii) implies that a narrower beam is used

for the higher frequency. However, EIRP normalization at the higher frequency implies that

also in this case the higher frequency might provide a reduced coverage area. Configuration

iii) implies that a narrower beam is used for the higher frequency. Allowing a higher EIRP

for the higher band allows an increased the coverage area (which becomes similar to that of

the lower band), although the drawback is an increased interference to the other cells.

3.4.4 Distributed Cell and Carrier Association

The network performance under any spectrum access model (exclusive, pooled or hybrid)

will depend on how a UE is assigned a serving gNB and a carrier. This problem is called cell

and carrier association and can be formalized as follows. Indexing the set of all gNBs by i

and all UEs by j. Let Im and Jm be the subsets of gNBs and UEs for operator m.12 In cell

12Note that Jm represents the set of users for operator m, while Jm stands for their number, so Jm =
|Jm|, ∀m ∈ M. The same concept is also used for operators and gNBs, thus Im = |Im| and M = |M|.
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and carrier association, each UE j must be assigned a serving gNB cell i∗(j) and a carrier

c∗(j). The selection (i∗(j), c∗(j)) will be called the cell-carrier assignment. Importantly, we

assume that the UE can only be assigned a cell from its own operator’s network.

Although joint cell and carrier assignment has been discussed extensively in the past,

most works in this area have focused on macro/pico user association [80–82], whereas ref-

erence [83] considers user association in multi-carrier settings. All these works perform a

“one-shot” optimization where all UEs are reallocated together.

Unlike in these related papers, here we consider the following simple distributed method:

each new UE decides an initial cell-carrier assignment when it enters connected mode in the

network. We consider an uncoordinated approach where each UE that joins the network

receives status information from the gNBs that it can reach and then makes the association

decision. We observe that the proposed distributed schemes do not require any major changes

to the signaling procedures of today’s systems. Moreover, they do not require the exchange

of information among the gNBs. The amount of information exchanged is limited to the

load of the carrier’s gNB and the channel of the link for the two carriers. The downlink

SINR values γ
(c)
ij can be determined from measurement reports exchanged (assuming they

account for the beamforming gain) and the load information is received from the pool of

candidate base stations. Then, the cell-carrier assignment is chosen to ensure the desired

rate and provide load balancing in the network.

To perform the cell-carrier assignment, we consider two possible greedy heuristic ap-

proaches:

• Load-aware joint carrier and cell association. In this case, the UE jointly selects the

serving gNB and the carrier so as to maximize its rate without considering the effect

of this choice on the other UEs. Specifically, the UE selects the cell-carrier assignment

via the maximization.

(c∗, i∗) = argmax
i∈Im,c∈C

(︄
W (c)

1 +N
(c)
i

log2

(︂
1 + γ

(c)
ij

)︂)︄
(3.13)

where N
(c)
i is the number of UEs already associated to the c-th carrier of the i-th base

station; W (c) is the bandwidth of the c-th carrier, and γ
(c)
ij is the SINR between UE

j and gNB i if allocated in the carrier c, given in Equation (3.7) which includes the

spatial channel characteristics and beamforming directions. For pooled carriers, it will

also include the interference from other operators in the same band. We let Bj denote

the resulting maximum rate for the UE

Bj =
W (c∗)

1 +N
(c∗)
i∗

log2

(︂
1 + γ

(c∗)
i∗j

)︂
(3.14)

When computing the rate Bj , we are splitting the bandwidth among all the users
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associated to the gNB even if during the simulation we allocate the entire bandwidth

to a single UE at a time. Furthermore, with this procedure, the ratio between the total

bandwidth W (c) and the number of users (1 +N
(c)
mi ) associated to the specific carrier

provides the average amount of resources allocated to the j-th user over time.

• Load-aware carrier-only association. gNB and carrier selection are decoupled, i.e., the

UE allocation to the serving gNB is kept fixed for the entire simulation, while the UE

is allowed to select only the carrier as a function of the load and of the SINR. That is,

the carrier is updated via

(c∗) = argmax
c∈C

(︄
W (c)

1 +N
(c)
i∗

log2

(︂
1 + γ

(c)
i∗j

)︂)︄
(3.15)

where, instead of trying all the possible gNBs i ∈ Im, the algorithm is constrained to

keep the current gNB i, i.e., i ≡ i∗, and only optimizes the choice of the carrier c ∈ C.

Both these greedy procedures are computable with the knowledge of load and channel

state conditions that are obtained from N
(c)
i and γ

(c)
i∗j respectively.

3.4.4.1 Observations and Extensions

The distributed approach described above results in a lightweight implementation that en-

ables responsiveness to rapid fluctuations of the channel state and traffic conditions. Non-

etheless, relying on distributed rate optimization may lead to sub-optimal solutions. Con-

versely, a centralized framework can generate optimal solutions, but the excessive control

signaling may affect the responsiveness to channel and traffic dynamics. The performance

gap between distributed approaches and a centralized implementation may be the objective

of our future work.

We also note that the approaches in Equations (3.13) and (3.15) assume a Round Robin

(RR) scheduling. However, the results can be easily extended to a proportionally fair sched-

uler, by capturing the effect of different UE rates.

3.4.4.2 Cell and carrier selection simulation

In the simulation, we use a methodology to evaluate the steady-state behavior of the network.

More precisely, we implement an iterative procedure (described in the following) which

converges to the long-term load distribution between the two carriers achieved in the hybrid

scheme.

In the first phase of the simulation, conditioned on all channel gains, each UE j ∈ Jm
in the area is associated to the gNB i ∈ Im with the highest signal strength. Note, that

the choice of gNB i is not random but instead based on minimum path loss and so, given

the shadowing conditions, deterministic. After the selection of the best gNB, we randomly
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Figure 3.10: Example of the convergence for the probability of a user to be associated to the cℓ =
28 GHz carrier. Here reported is the run for hybrid case i). The algorithm is initialized with a 0.5
value for each carrier and converges to a stable value.

associate the UE to the gNB band at cℓ or ch, according to the probabilities Pcℓ and Pch =

1− Pcℓ . In this study, these initial assignment probabilities are taken equal to 1
2 .

In the second phase of the simulation, we iteratively update the cell-carrier assignment

by randomly picking one UE at a time (referred to in the following as UE j). For the selected

UE j, we update its cell and carrier using (3.13) or only its carrier using (3.15). We repeat

this iterative procedure by re-allocating a random UE at each step, until convergence to a

point is reached. We use the numerical results of Figure 3.10 to quantify the convergence

point and, using this method, we can identify the percentage of users that are connected to

cℓ or ch. We note that (cf. Figure 3.10) the probability that a user is associated to either

the cℓ or the ch carrier converges to a stable value, not necessarily equal to the one assumed

in the initial phase. We summarize this iterative procedure in Algorithm 1.

It is important to highlight that the convergence values depend on the different propaga-

tion characteristics, bandwidth and amount of interference in the two bands. Moreover,

Figure 3.10 shows how the number of iterations required increases as the density of UEs in

the area increases.

3.4.5 Simulation Results

We start by simulating our proposed hybrid spectrum access scheme for the case of joint

carrier and cell association. We consider 4 operators sharing 1 GHz of spectrum at ch =

73 GHz, while having exclusive access to 250 MHz each at cℓ = 28 GHz (see Figure 3.8).

We also consider two baselines for comparison. The first is the “fully licensed” case where
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Algorithm 1 Pseudo-code of the simulation methodology

1: ∀m ∈M deploy in the area A Jm UEs and Im gNBs following a PPP;
2: N : matrix initialized to zeros used to count # of UEs ∀i ∈ Im and ∀c ∈ C;
3: M : vector that stores for each UE the index of the associated gNB;
4: for ∀m ∈M and ∀ user j ∈ Jm do
5: Associate user j to the gNB i∗ with minimum PLmij ;
6: p← randomly pick a value ∈ [0, 1];
7: if p < Pcℓ then
8: c∗ ← 28 GHz band;
9: else

10: c∗ ← 73 GHz band;
11: end if
12: N(i∗, c∗)← N(i∗, c∗) + 1;
13: M(j)← (i∗, c∗);
14: end for
15: PTXic : power set ∀i ∈ Im and ∀c ∈ C;
16: Gc: computed following Equation (3.11) ∀c ∈ C;
17: W (c): bandwidth set ∀c ∈ C;
18: n: number of times iterative procedure is repeated;
19: for n times do
20: j ← pick random UE in the system;
21: (i, c)←M(j)
22: N(i, c)← N(i, c)− 1;

23: γ
(c)
mij ← compute matrix of SINRs ∀i ∈ Im, ∀c ∈ C as in (3.7);

24: Bmj ← compute matrix of rates using γ
(c)
mij , Wc, and N(i, c);

25: (c∗, i∗)← argmaxi∈Im,c∈C (Bmj);
26: N(i∗, c∗)← N(i∗, c∗) + 1;
27: M(j)← i∗;
28: end for

the four operators have each exclusive access to 250 MHz at cℓ and 250 MHz at ch. The

second one is the “fully pooled” case, where the four operators share 1 GHz at both cℓ and

ch. For simplicity, we consider the same UE and gNB densities for each operator, although

extension to non-homogeneous scenarios would be possible. Moreover, the results have been

averaged over a sufficient number of repetitions in order to obtain the desired accuracy, thus

precisely evaluating the proposed hybrid scheme with respect to the baselines.

In the first set of results (Figure 3.11), we provide a comparison between the three

schemes in terms of 5th, 50th and 95th percentile user rate, for gNB densities of 30 and

60 gNB/km2. We assume that there are on average ten UEs per gNB, so that UE densities

of 300 and 600 UEs/km2 have been considered for gNB densities of 30 and 60 gNBs/km2,

respectively. For these results, we consider the power constraint with an equivalent isotropic

radiated power fixed to 48 dBm for both carriers, and we assume twice the number of antenna

elements per dimension at 73 GHz with respect to 28 GHz (this model corresponds to power
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(a) Case with gNB density equal to 30 gNBs/km2.
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(b) Case with gNB density equal to 60 gNBs/km2.

Figure 3.11: Comparison of the throughput measured for the hybrid case and the two baselines.
Empirical CDF values of the throughput for the 5th, 50th and 95th percentiles in the power constraint
case ii).

scenario ii) above).

First of all, we can observe how the 95th percentile throughput slightly decreases with

the increase of the gNB density, since denser topologies result in more interference, thus

affecting the performance of the best users. This effect is decreased, and in fact almost

vanishes, in the fully licensed case due to the reduced number of interfering sources. For the

5th and 50th percentiles, increasing the density results in a throughput increase, because

the average coverage area is reduced and the gNBs are closer to the UEs. Unlike in the

95th percentile case, here the gain from the closeness of the gNB outweighs the loss due

to the increased interference. Especially in the fully pooled case, considering also multiple

operators, the amount of interference is very large, and as a result an increased node density

does not lead to increased performance. In fact, the gap between hybrid and fully pooled

decreases as the system becomes more interference-limited, i.e., denser.

Our proposed hybrid approach also treats the worst users more fairly, as shown by the

5th percentile throughput results in which the hybrid scheme does essentially as well as fully

licensed and much better than fully pooled. Conversely, the best users (95th percentile) in

the hybrid scheme achieve a throughput that is not much worse than in fully pooled while

being significantly better than in fully licensed.

Comparing the throughput of the worst (5th percentile) users with that of the best (95th

percentile) users, we see that they are very different. This finds an explanation in the fact

that, due to directionality, the amount of interference may greatly differ depending on the

number and the alignment of the interferers [84]. More detailed performance results are

reported in the Empirical Cumulative Distribution Function (ECDF) plots in Figure 3.12.

The green curve of the hybrid access is close to the total licensed (blue curve) for the worst

users (bottom left), while the curve approaches the total pooled (yellow curve) for the best
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Figure 3.12: Comparison of the throughput measured for the hybrid case and the two baselines.
Empirical CDF curves of the throughput for the power constraint case ii).

Table 3.4: Values of the throughput (measured in Gbps) for the hybrid case and the two baselines.
Rates for the 5th, 50th and 95th percentiles and all the power constraints, simulations with a gNB
density of 30 gNBs/km2. The ratio values are computed as the throughput of the hybrid or total
pooled cases divided by that of the total licensed case, which is taken as the baseline.

Power constraint i) Power constraint ii) Power constraint iii)

Value Ratio Value Ratio Value Ratio

Fully licensed 5% 0.0328 1.00 0.0362 1.00 0.0674 1.00

Hybrid 5% 0.0147 0.45 0.0190 0.52 0.0265 0.39

Fully pooled 5% 0.0003 0.0091 0.0007 0.019 0.0007 0.010

Fully licensed 50% 0.3455 1.00 0.3848 1.00 0.4176 1.00

Hybrid 50% 0.3736 1.08 0.4492 1.17 0.5081 1.22

Fully pooled 50% 0.3143 0.91 0.4795 1.25 0.4878 1.17

Fully licensed 95% 0.9188 1.00 1.0770 1.00 1.0218 1.00

Hybrid 95% 1.9194 2.09 2.1810 2.03 2.0252 1.98

Fully pooled 95% 2.1926 2.39 2.6970 2.49 2.5461 2.49

users (top right), as expected. This behavior shows that the proposed hybrid scheme is

almost able to approach the best performance in various conditions.

In Table 3.4, which reflects the results shown in Figure 3.12a, we provide a comparison

for all the different antenna setups and power constraints. We report the 5th, 50th and 95th

percentile values of the user throughput measured in Gbps along with a ratio value, which

is computed as the throughput of the hybrid or total pooled cases divided by that of the

total licensed case (taken here as the baseline). It is interesting to note how the throughput

varies, at each power constraint.

We recall from Section 3.4.3 that in case i) we consider the same number of antenna
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elements at 28 GHz and 73 GHz, in case ii) we double the number of antenna elements

per dimension at 73 GHz with an equal constraint on the EIRP, and, finally, in case iii)

we use the configuration of case ii) but with different EIRP constraints for the two bands.

Constraint ii) represents a trade-off for the available throughput between the number of

antenna elements usable for a fixed area and the power radiated in the environment.

From Table 3.4, we can note that a large number of antenna elements has a positive

impact on the 95th percentile user rate for both the hybrid and the fully pooled case. This

relates to coverage, along with the amount of interference generated within the cell: using

more antennas results in narrower beams, and hence reduced interference, which in turn

leads to higher throughput. Further, by looking at the ratio values reported in Table 3.4,

we can better understand the performance gains obtained with a hybrid scheme vs. a total

pooled spectrum access. In the more realistic scenario, i.e., power constraint ii), the 5%

user throughput of the hybrid case is smaller than that obtained via a fully licensed scheme

(about 50% smaller), and on the other hand much higher than the rate achieved with a

total pooled approach (about 32 times higher). A similar behavior is observed for all the

power configurations at the 5th percentile, while the opposite occurs if we consider the 95%

user throughput. This last behavior is less pronounced and for this reason we can conclude

that our hybrid procedure exhibits desirable performance, and represents a trade-off between

the two baselines. This is due to the fairness that originates from our opportunistic carrier

selection.

As another result, we report in Figure 3.13 a comparison between the different association

algorithms, where each UE either jointly selects the serving gNB and the frequency band

(left plot), or can only choose the optimal carrier while keeping the gNB association fixed

(right plot). From these results, we can observe that the throughput provided by carrier-

only association is higher than the joint association for the best users (95th percentile),

while the opposite occurs for the median and worst (5th percentile) users. This can be

explained by observing that in the carrier-only association, it is not possible to redistribute

users to balance the load among gNBs, and therefore the best users are likely to be those

that happen to be associated to lightly loaded gNBs, enjoying a higher rate compared to

what they would achieve under the joint cell and carrier association. For the same reason,

the worst users (likely associated to highly loaded gNBs) experience very poor performance.

On the contrary, the joint cell and carrier association tends to distribute users among gNBs

and carriers more equitably, and results in a fairer system.

3.4.6 Final Remarks

In this study, we have introduced a new hybrid spectrum access scheme for mmWave net-

works, where data packets are scheduled through two mmWave carriers with different char-

acteristics. In particular, we have proposed a spectrum sharing scheme which combines a
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(a) Load-aware joint carrier and cell association.

  5   50   95   
Percentile

0

0.5

1

1.5

2

2.5

3

T
h
ro

u
g
h
p
u
t 
p
e
r 

U
E

 [
G

b
p
s
]

Power constraint  ii)

fully licensed
hybrid
fully pooled

(b) Load-aware carrier association.

Figure 3.13: Comparison of the throughput measured for the hybrid case and the two baselines
and for the two different association algorithms. Values of simulations of the power constraint ii)
with a gNB density of 60 gNBs/km2.

lower mmWave band with exclusive access and a higher mmWave band where spectrum

is pooled between multiple operators. Our investigation shows that this approach provides

advantages for the average user with respect to traditional fully licensed or fully pooled spec-

trum access schemes, in terms of increased throughput and spectral efficiency. The approach

offers also better balancing of the available resources with respect to the fully pooled case,

resulting in higher fairness. This work opens a promising line of research towards a more

flexible and efficient use of the radio spectrum, and will provide useful input and insights to

standardization and spectrum policy.

However, further work is needed to reach a more complete understanding of different as-

pects. First, the study in this evaluation considers the case where the higher mmWave band

is pooled between multiple operators all having a licensed anchor in another mmWave band

at a lower frequency. It would be interesting to study a more general spectrum arrangement

where the higher mmWave band is entirely license-exempt, i.e., can be accessed by hetero-

geneous users with and without an anchor at a lower frequency. The main challenge, in

this case, is how to design politeness mechanisms in a very directional propagation environ-

ment. On one side traditional LBT techniques would not provide a reliable solution. On the

other side, more recent directional MAC approaches introduced for 802.11ad (that is based

on fully unlicensed spectrum access) would be suboptimal in a hybrid mmWave spectrum

context. Second, our study is based on a distributed uncoordinated algorithm. We chose

this approach because it allows an initial assessment based on a practical mechanism that

has a low impact on signaling and architecture design. On the other hand, we believe that

centralized approaches could also provide a realistic solution, in particular in networks where
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infrastructure sharing is used. Third, while this study provides an initial, proof-of-concept

assessment based on simulation, we believe that a mathematical analysis could lead to a

more fundamental understanding of the different factors underlying hybrid spectrum access.

Finally, it would also be interesting to evaluate our cell and carrier selection methods under

time-varying traffic, where users come and go according to some statistics. In this case, the

dynamics of traffic and interference will interact with the user allocation strategies and will

accordingly lead to a time-varying throughput performance, whose characterization is an

interesting item of future study.
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Antenna Design and Evaluation
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Chapter 4
Antenna Radiation Modeling

As previously mentioned, large antenna arrays and mmWave frequencies have been attract-

ing growing attention as possible candidates to meet the high requirements of future 5th

generation (5G) mobile networks. In view of the large path loss attenuation in these bands,

beamforming techniques that create a beam in the direction of the user equipment are es-

sential to perform the transmission.

For this purpose, it is extremely important to correctly model and consider the propaga-

tion antenna effects in any transmission. Therefore, we aim at characterizing realistic an-

tenna radiation patterns, motivated by the need to properly capture mmWave propagation

behaviors and understand the achievable performance in 5G cellular scenarios. Entering

into details, this chapter highlights all the research and evaluation activities which are re-

lated to the antenna design precisely explaining how all the antenna components have been

computed [50,85–88].

4.1 Importance of Accurate Antenna Modeling

Due to high path loss attenuations, MIMO systems with beamforming techniques are essen-

tial to ensure an acceptable range of communication in mmWave networks [10]. In particular,

the use of antenna arrays for future mobile scenarios is fundamental in order to create a beam

in the direction of the UE, thus increasing the gain of the transmission. Among the possible

antenna array designs, the most suitable approach is the use of Uniform Planar Array (UPA)

where the antenna elements are evenly spaced on a two-dimensional plane and a 3D beam

can be synthesized [89]. Several are the other possible antenna configurations such as Uni-

form Linear Array (ULA), circular array or any other array with irregular lattice. However,

our research activities are primarily focused on UPA only.

We have already stressed the concept that in order to precisely evaluate 5G mmWave cel-

lular scenarios, it is important to consider realistic and accurate radiation models. Related
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Figure 4.1: Illustration of the different antenna configurations. Scheme A: Configuration with
three arrays serving three sectors with the single-element 3GPP antenna radiation pattern [90].
Scheme B: Antenna radiation pattern using beamforming with isotropic radiation elements.
Scheme C: Single sector antenna with radiation pattern obtained using beamforming from 3GPP
radiation elements.

works in the literature characterize the antenna array either over-simplifying its gain with

piece-wise functions, or modeling it as an array of isotropic transmitting sources. Consider-

ing precise antenna pattern for each angle is critical (computationally speaking), especially

for configurations where the interference is measured in directions that are different from

those of the served UE. At high frequencies (e.g., mmWave bands), where high attenuations

are present, quantifying the actual antenna gain obtained due to the radiation pattern is

fundamental in order to precisely evaluate any mmWave system.

The radiation model proposed by the 3GPP in [90] can be used to address this issue.

This model precisely simulates the radiation pattern of a patch antenna element assuming

large attenuation for lobes in the opposite plane of transmission. In addition, as illustrated in

Scheme A of Figure 4.1, the 3GPP specifications suggest modeling each gNB site with three

sectors, thus three arrays placed with central angles shifted by 120◦ each. The configuration

with multiple sectors already used in traditional 4G LTE systems seem to be appropriate also

for future cellular scenarios, and permits a better control in the design of both desired and

undesired lobes (e.g., using arrays of patches that perform the steering within the interval

[−60◦,+60◦]).

In this research activity, motivated by the need to properly capture mmWave propagation

behaviors and understand the achievable performance (e.g., capacity or interference studies)

in 5G cellular scenarios, we spend some effort into accurately characterizing the antenna

radiation pattern. In addition to a realistic antenna pattern, we also incorporate mmWave

channel characteristics as derived from a measurement-based mmWave channel model oper-

ating at 28 GHz provided by the New York University (NYU) Wireless Group. This model

is described in [21,23], and was adopted in works [4, 6] from the previous chapters1.

Our study leads to several observations. First, we highlight how the radiation pattern

1Even if in this study we have adopted the NYU channel, any other WINNER II based channel models
can be used for the channel characterization.

54



4.2. ANTENNA ARRAY RADIATION PATTERNS DEFINITION

significantly influences the performance evaluation of cellular scenarios. Results obtained

with a simplified pattern appear to be significantly different from those obtained using

realistic radiation models. Specifically, we try to quantify the interference perceived by a

generic user in a way to identify the working regime (e.g., noise or interference-limited) of

mmWave networks. Second, we compare different realistic antenna patterns in order to

evaluate how the design choices influence the entire network performance.

4.1.1 Related Works

For tractability of analysis or ease of computation, most of the works in the literature approx-

imate the actual beamforming patterns by a sector model. An example of this approximation

can be found in [91], where a piece-wise beamforming gain function is used to character-

ize key features of an antenna pattern such as directivity gain, half-power beamwidth, and

front-back ratio. This model is too generic and cannot be compared with a realistic pattern

because design parameters like gain, beamwidth and front-back ratio change according to

the steering direction. It is therefore challenging to compare this model with a realistic

pattern since it uses fixed parameters for all the steerable directions.

A more precise antenna pattern can be obtained combining together the array factor

expression, which provides information on the directivity equation of an antenna array, with

the single element radiation pattern [79]. In [6], the array directivity equation with isotropic

antenna elements was applied. As a result, each transmitting source (i.e., antenna element)

radiates equal power in all directions, while a detailed lobe-shaped radiation pattern is used

to capture the beamforming gain. When considering beamforming with isotropic transmit-

ting sources, undesired lobes are generated as shown in Scheme B of Figure 4.1. Since gNBs

in real cellular systems do not transmit omnidirectionally but, instead, in sectors, it ap-

pears essential to consider antenna radiation models that avoid the generation of undesired

lobes. In this respect, a more realistic antenna pattern (e.g., the one shown in Scheme C of

Figure 4.1) should be used when modeling UPA radiation.

4.2 Antenna Array Radiation Patterns Definition

We describe in this section how to compute and replicate the realistic antenna array patterns

considered in this study and report expressions for the diverse field factors. The radiation

pattern of the entire array (called array radiation pattern) is obtained by the superposition

of its array factor, which provides information on the directivity equation of an antenna

array, and the element radiation pattern. This last term takes into account how power is

radiated by each single antenna element.

We precisely describe in the following sub-sections how to obtain the pattern expressions

for all the different antenna radiation models used in this comparison.
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4.2.1 Element Radiation Pattern

The element radiation pattern indicated as AE and expressed in decibel (dB) is a term

used to characterize how the power of a single antenna element is radiated in all directions,

and thus is defined for any pair of vertical and horizontal angles (θ, ϕ). This parameter is

extremely important in scenarios where directional transmission is used because it allows to

precisely understand where the antenna transmits or receives power.

For the purpose of evaluating the differences between the realistic patterns and those

already available in the literature, we compare three different antenna radiation configura-

tions.

4.2.1.1 ISO

The isotropic radiation pattern used in the literature is achieved using a single array of

isotropic transmitting sources. Hence, each element of the array redistributes equally the

transmitted power in all directions, and beamforming is obtained considering only the array

factor. We use this radiation pattern for comparison, knowing that it is the least realistic.

It assumes that any antenna element irradiates an equal amount of power in each direction,

thus: A
(ISO)
E = 0 dB, ∀θ ∈ [0, π],∀ϕ ∈ [−π, π].

4.2.1.2 3GPP

The 3GPP model is realized following the specifications in [90,92,93]. First, differently from

the ISO configuration, it implies the use of three sectors, thus three arrays, placed as in

traditional mobile networks. Second, the single element radiation pattern presents a high

directivity with maximum gain in the main-lobe direction of about 8 dBi. The 3GPP AE

of each single antenna element is composed of horizontal and vertical radiation patterns.

Specifically, this last pattern AE,V (θ) is obtained as

AE,V (θ) = −min

{︄
12

(︃
θ − 90

θ3dB

)︃2

, SLAV

}︄
(4.1)

where θ3dB = 65◦ is the vertical 3 dB beamwidth, and SLAV = 30 dB is the side-lobe level

limit. Similarly, the horizontal pattern is computed as

AE,H(ϕ) = −min

{︄
12

(︃
ϕ

ϕ3dB

)︃2

, Am

}︄
(4.2)

where ϕ3dB = 65◦ is the horizontal 3 dB beamwidth, and Am = 30 dB is the front-back

ratio. Bringing together the previously computed vertical and horizontal patterns we can
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obtain the 3D antenna element gain for each pair of angles as

A
(3GPP)
E (θ, ϕ) = Gmax −min {− [AE,V (θ) +AE,H(ϕ)] , Am} (4.3)

where Gmax = 8 dBi is the maximum directional gain of the antenna element [90]. The

expression in (4.3) provides the dB gain experienced by a ray with angle pair (θ, ϕ) due to

the effect of the element radiation pattern.

4.2.1.3 HFSS

In addition to the 3GPP pattern, we consider also a realistic pattern obtained reproducing

a real patch antenna with a finite element simulator called High-Frequency Structural Sim-

ulator (HFSS) [94]. This last model is the most realistic among the models studied, but is

also the most computationally intensive. As in the 3GPP model, it considers a three-sector

cell, while the element radiation pattern is modeled as a real patch antenna element working

at 29.5 GHz with horizontal and vertical spacing equal to 0.55λ and 0.77λ, respectively.

The AE of this last model is obtained by the HFSS finite element simulator by setting the

antenna element parameters (e.g., working frequency and size of the element), and exhibits

a maximum gain of about 5.71 dBi.

4.2.2 Array Radiation Pattern

In order to study the pattern of a UPA, we must focus on the radiation of the entire array,

i.e., taking into account the effect of all the elements.

The relation between the array radiation pattern and a single element radiation pattern

is defined, following [92], as

A
(i)
A (θ, ϕ) = A

(i)
E (θ, ϕ) + AF(θ, ϕ) (4.4)

The expression in (4.4) is valid for all three array radiation patterns, where the single-

element term A
(i)
E depends on the selected model. More specifically, i ∈ {ISO, 3GPP,HFSS}

corresponds to the element radiation functions described in the previous sub-section. The

relation in (4.4) considers the effect of the element radiation pattern in combination with

the array factor AF(θ, ϕ) defined for an array of n elements as

AF(θ, ϕ) = 10 log10

[︂
1 + ρ

(︂⃓⃓
a ·wT

⃓⃓2 − 1
)︂]︂

(4.5)

where ρ is the correlation coefficient, assumed equal to unity, a ∈ Cn is the amplitude vector

and w ∈ Cn is the beamforming vector. We assume to use an equal and fixed amplitude for

all the antenna elements2, thus a is a constant normalized vector with all elements equal to

2The array radiation pattern can be further refined adjusting the amplitude of each single element with a
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1√
n
. The beamforming vector contains information about the main lobe steering direction

(θs, ϕs), and is obtained as

w = [w1,1, w1,2, . . . , wm,m], where m =
√
n

wp,r = ej2π
(︁
(p−1)

∆V
λ

Ψp+(r−1)
∆H
λ

Ψr

)︁
⎧⎨⎩Ψp = cos (θ)− cos (θs)

Ψr = sin (θ) sin (ϕ)− sin (θs) sin (ϕs)

(4.6)

where ∆V and ∆H are the spacing distances between the vertical and horizontal elements of

the array, respectively3. A detailed explanation of the relation between array and element

patterns can be found in [50] and [92]. We highlight that the pair of angles (θ, ϕ) must not be

confused with the steering pair (θs, ϕs) where the main beam is steered due to beamforming.

Moreover, we note that the radiation pattern of an array should consider also the mutual

coupling effect. In fact, the radiation pattern of a single antenna element is modified by the

absorption of the nearby antennas. For ease of computation, we are not considering mutual

coupling4 effects in our comparison study.

4.2.3 Field Pattern

In order to integrate the array radiation pattern into the channel model, we must compute

the field pattern [93], which comprises both vertical and horizontal polarization terms as⎧⎨⎩F
(i)
θ (θ, ϕ) =

√︂
A

(i)
A (θ, ϕ) cos(ζ)

F
(i)
ϕ (θ, ϕ) =

√︂
A

(i)
A (θ, ϕ) sin(ζ)

(4.7)

respectively, where ζ is the polarization slant angle and A
(i)
A (θ, ϕ) is the 3D antenna array

gain pattern previously obtained in (4.4). Note that, for simplicity, in most cases a purely

vertically polarized antenna, thus ζ = 0 and⎧⎨⎩F
(i)
θ (θ, ϕ) =

√︂
A

(i)
A (θ, ϕ) = F (i)(θ, ϕ)

F
(i)
ϕ (θ, ϕ) = 0

(4.8)

weighing factor. This can provide both control of the side lobe levels and electrical steering. For simplicity,
in this study we consider an equal and fixed amplitude for each radiation element, and leave as future work
the study of beamforming design optimizing the weight factor of each antenna element.

3Except for the HFSS configuration, we always assume all elements to be evenly spaced on a two-
dimensional plane, thus ∆V = ∆H = λ/2.

4Mutual coupling describes energy absorbed by one antenna’s receiver when another nearby antenna is
operating. This effect is typically undesirable because the energy that should be radiated away is absorbed
by a nearby antenna. Similarly, the energy that could have been captured by one antenna is instead absorbed
by a nearby antenna. Hence, mutual coupling reduces the antenna efficiency and performance of antennas in
both the transmit and receive mode.
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(a) Configuration with ϕs = 0◦.
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(b) Configuration with ϕs = 30◦.
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(c) Configuration with ϕs = 60◦.

Figure 4.2: Representation of the array radiation pattern AA(θ, ϕ) in relation with the element
radiation pattern AE(θ, ϕ) varying horizontal angle ϕ, while vertical angles θ and θs are kept fixed
to 90◦. Examples obtained using a UPA with 64 antenna elements and performing the steering in
different directions ϕs.

In Figure 4.2 we report examples of the three array radiation patterns for different

steering directions ϕs. More importantly, in Figure 4.2a we are overlapping the element

radiation pattern with the resulting array radiation pattern for all the configurations. The

figures highlight two important aspects. Firstly, they show the reduction of the undesired side

lobes when considering beamforming with 3GPP and HFSS antenna models. An accurate

evaluation of the interference can be done only knowing the precise gain in all directions:

unrealistic side lobes must be removed from the pattern while, at the same time, realistic

lobes must be properly considered. Secondly, as we can see in Figure 4.2c, the maximum

gain is affected by the scan loss5 when the main lobe is steered from the broadside direction:

5A problem associated with beam scanning is the beam distortion with the scan angle. Steering at the
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due to the directivity of the single antenna element radiation pattern, the main lobe obtained

with beamforming has beamwidth and maximum gain that depend on the steering angle.

In fact, ϕs = 60◦ is the maximum angle allowed with the 3-sector configuration6 and in this

particular case the main beam presents a gain that is lower if compared to the other smaller

steering angles in Figures 4.2a and 4.2b. Moreover, this can also be observed in the element

radiation pattern AE in Figure 4.2a, where the 3GPP configuration exhibits an attenuation

of 10 dB for ϕ = 60◦ with respect to the central angle ϕ = 0◦. On the contrary, the HFSS

configuration presents a smaller attenuation of around 6 dB. Indeed, we notice that the

HFSS element radiation pattern is less directive compared to the 3GPP model, being the

maximum gain of the single-element radiation pattern around 5.7 dBi for the former and

8 dBi for the latter. Such a difference in directivity results in higher gain for the 3GPP

model when a central steering is performed, while on the contrary higher gain is exhibited

by the HFSS configuration when steered broadside (e.g., around 60◦).

4.3 MATLAB Simulator

4.3.1 System Model

4.3.1.1 Channel Characterization

We adopt the NYU channel model presented in [21,23] and Section 2.3, which is derived from

the WINNER II model [22] and is based on real-world measurements at 28 GHz. According

to the channel model, each wireless link comprises K clusters, corresponding to macro-level

scattering paths, in turn composed of Lk subpaths.

Given a set of clusters and subpaths, each element of the channel matrix H ∈ CnTX×nRX ,

which characterizes a communication link, is represented as

hr,t =
K∑︂
k=1

Lk∑︂
l=1

gklFr (Ω
r
kl)ur (Ω

r
kl)Ft

(︁
Ωt
kl

)︁
u∗t
(︁
Ωt
kl

)︁
, (4.9)

where t and r are the indices of the t-th and r-th elements of the transmitter and receiver

array respectively, gkl is the small-scale fading gain of subpath l in cluster k, Fr and Ft are

the receiver and transmitter field patterns previously computed, and ur(·) and ut(·) indicate
the 3D spatial signature element of the receiver and transmitter, respectively. Moreover,

Ωr
kl = (θrkl, ϕ

r
kl) are the angular spread of vertical and horizontal angles of arrival and Ωt

kl =(︁
θtkl, ϕ

t
kl

)︁
are the angular spread of vertical and horizontal angles of departure, both for

subpath l in cluster k [21]. Note that even if we consider channels with UPA antennas, in

our simulations we neglect for ease of computation the vertical signatures by setting their

side of the array results in the spread of the beam shape and a consequent reduction in gain known as scan
loss.

6Using three sectors each array can perform the steering within the interval [−60◦,+60◦].
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Table 4.1: List of all the notation terms and channel parameters used in the radiation pattern
comparison.

Notation Meaning
AE Element radiation pattern
AF Array factor
AA Array radiation pattern
F Field pattern
f Carrier frequency

ℓ(r) Path loss at distance r in LoS/NLoS/out states
nTX, nRX # antennas of a gNB and a UE

K # clusters ∼ max{Poiss(1.8), 1}
Lk # subpaths in the k-th cluster ∼ DiscreteUni[1, 10]

ϕrkl, ϕ
t
kl Angular spread of subpath l in cluster k [21]:

ϕ
(·)
k ∼ Uni[0, 2π], skl ∼ max{Exp(0.178), 0.0122},
ϕ
(·)
kl = ϕ

(·)
k + (−1)lskl/2

Pkl Power gain of subpath l in cluster k [23]:
Uk ∼ Uni[0, 1], Zk ∼ N (0, 42), Vkl ∼ Uni[0, 0.6],

τkl = 2.8, Pkl =
P ′

kl∑︁
P ′

kl
, P ′

kl =
U

τkl−1

k 10−0.1Zk+Vkl

Lk

angles θ(·) equal to 90◦. As defined herein, the channel matrix H contains information on

the channel conditions along with beamforming and antenna radiation pattern. Then, we

recall that the small-scale fading gain gkl is obtain as previously defined in Equation 2.6 of

Section 2.3. Moreover, specific parameters are provided in Table 4.1.

Consider a directional beamforming where the main lobe center of a gNB’s transmit

beam points at its associated UE, while the main lobe center of a UE’s receive beam aims

at the serving gNB. Unless stated otherwise, we assume that both beams can be steered

in any direction. Therefore, in each sector, we can generate a beamforming vector w for

any possible angle in the interval [−60◦,+60◦].7 At a typical UE j, the aligned gain Gij

(considering also the channel) is its beamforming gain towards the serving gNB i. With a

slight abuse of notation, we represent it as

Gij =

⃓⃓⃓⃓
⃓
nRX∑︂
r=1

nTX∑︂
t=1

hr,t

⃓⃓⃓⃓
⃓
2

(4.10)

7We recall that, among the different configuration, only the ISO model uses a single sector. Therefore,
the ISO beam can be generated in any direction.
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4.3.1.2 INR and SINR definitions

Thanks to a detailed channel and antenna characterization, we can compute the SINR

between transmitter i and receiver j as

SINRij =

PTX
ℓij

Gij∑︁
y ̸=i

PTX
ℓyj

Gyj +W ×N0

(4.11)

where y represents the y-th interfering link, W is the total bandwidth, N0 is the thermal

noise, PTX is the transmitted power, G is the beamforming gain, and ℓ is the path loss.

This last quantity is modeled with three states, as reported in Section 2.3: LoS, NLoS and

outage, as a function of the distance d between transmitter and receiver. Furthermore,

in our simulations, we associate each UE to the gNB that provides the smallest path loss

(maximum average received power).

Similarly to the SINR, we can compute the Interference to Noise Ratio (INR), which is

defined following [4] as

INRij =

∑︁
y ̸=i

PTX
ℓyj

Gyj

W ×N0
(4.12)

where, as previously explained, at the numerator we sum all the interfering links by mul-

tiplying their transmit powers PTX, beamforming gains G and respective path loss values ℓ.

The denominator represents the thermal noise power.

4.3.2 Framework Test and Evaluation

In this section, we report simulation results to show the achievable performance of the three

different antenna configurations previously introduced. We consider scenarios using UPAs

with 64 antenna elements [8× 8] at the gNB, while at the receiver side we model UPAs with

16 elements [4 × 4]. In our simulation campaign, we have adopted a 7 dB noise figure, a

500 MHz total bandwidth, and a transmit power PTX = 30 dBm, which are in line with the

specifications envisioned for downlink transmission in 5G mmWave mobile networks [10].

The first result we report is a study on the level of interference experienced by a generic

user in a 5G cellular network. In order to quantify the amount of interference, we compute

the INR as in (4.12) for a large number of independent simulations and then derive its ECDF.

With the ECDF we identify the point that satisfies the condition INR = 1 as the transitional

point that determines the shift from a noise-limited to an interference-limited regime. In

this manner, we obtain the user noise-limited probability Pnl, defined as the probability for a

generic user to have the noise power bigger than the interference power. This metric allows

to better understand the behavior of a network for different gNB densities.

In Figure 4.3 we show the evolution of Pnl for the different radiation pattern configura-

tions and varying the gNB density of the network. We can notice immediately that Pnl is
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Figure 4.3: Noise-limited probability (Pnl) varying the gNB density in the three different configur-
ations.

bigger in both 3GPP and HFSS with respect to the ISO configuration. This is due to the

attenuation of the interference in both 3GPP and HFSS configurations caused by the use of

directive elements which attenuate the side lobes. Furthermore, the interference is larger in

the ISO configuration due to the use of a single sector that operates in all directions. We

recall that both 3GPP and HFSS configurations use three sectors (i.e., three arrays) that are

orientated with a mechanical phase-shift of 120◦ each as in traditional cellular networks. As

we can see from Figure 4.3, for densities around 100 gNBs/km2 and using an ISO antenna

configuration, about 90% of the users can be considered in an interference-limited regime.

This is not verified when adopting the HFSS or 3GPP antenna configurations, in fact, for

the same density, only 70% and 50% of the users are in an interference-limited regime for

the HFSS and 3GPP pattern, respectively. More precisely, using the 3GPP antenna model

only half of the users are in an interference-limited scenario with a density of 100 gNBs/km2.

This corresponds to a dense scenario where the average cell radius is about 60 meters.

Differently from prior INR studies in [4, 10, 95] and [96], where antenna patterns were

modeled with simplified functions for tractability, here we can precisely evaluate the op-

erating regime of mmWave networks as a function of the gNB density. We also highlight

how the interference results change with the adopted radiation pattern, which confirms the

importance of using a precise radiation model when evaluating the network performance.

In Figure 4.4, we show the ECDF of the downlink SINR, for each antenna configuration,

varying the gNB density. Firstly, as per the result in the interference study, also in this

SINR evaluation we can see how the performance of a typical network drastically changes

with the different antenna patterns. The diverse behavior can easily be seen starting from

Figure 4.4a where, with 25 gNB/km2, the median value of the ISO configuration is around

10 dB, while in the 3GPP or HFSS configuration it is above 20 dB. Moreover, with a small
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(a) Example of varying pattern with density equal to
25 gNBs/km2.
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(b) Example of varying pattern with density equal to
100 gNBs/km2.
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Figure 4.4: Representation of Empirical CDF of the downlink SINR, for different antenna config-
uration and varying the gNB density.

density of 25 gNB/km2, all curves show the presence of users in an outage condition, which

is revealed by the SINR ECDF not starting from zero. Increasing the gNB density from

Figure 4.4a to Figure 4.4b we can see how the SINR improves while maintaining different

outcomes for the different pattern configurations. Also, with the larger density, no users are

in an outage condition.

Contrary to the performance improvement for the smaller density case, with 200 gNB/km2

the reduced distance between UE and gNB provides less improvement with respect to the

growth of the interference. A similar behavior has been observed also in the ISO and

3GPP models.

Table 4.2 reflects the results shown in Figure 4.4 and provides a comparison among all
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Table 4.2: Summarizing table reporting the 5-th ECDF percentile of the SINR for different config-
urations and densities. Values are expressed in decibel.

gNB/km2

50 100 200

ISO 0.00 3.02 1.74

3GPP 8.11 15.31 14.03

HFSS 7.54 13.22 11.94

the different antenna setups and gNB densities. Specifically, we report the 5-th percentile

values of the user SINR in dB, which represents the performance of the worst users and is

typically used to classify network performance. Note that SINR values for the density of 25

gNB/km2 are not reported in the table because more than 5% of the users are in an outage

condition with such a small gNB density. In general, our results show that different antenna

models may provide quite different SINR performance. Also, we observe a performance gain

passing from 50 to 100 gNB/km2. Instead, as already discussed for Figure 4.4c, in extremely

dense networks (e.g., with 200 gNB/km2) the interference is really large and we observe

SINR values that are smaller than in the case with 100 gNB/km2. This behavior is the same

for all the radiation patterns used.

4.4 ns-3 Framework

From the previous section we have understood the importance of precisely model the an-

tenna propagation in mmWave communication for the next generation of cellular networks.

We remark that communication at such high frequencies, suffers from high path loss and

blockage, therefore directional transmissions using antenna arrays and dense deployments

are needed. Thus, when evaluating the performance of mmWave mobile networks, it is ne-

cessary to accurately model the complex channel, the directionality of the transmission, but

also the interplay that these elements can have with the whole protocol stack, both in the

radio access and in the higher layers.

In this section, we report a study which improves the channel model abstraction of the

mmWave module for ns-3, by introducing the support of a more realistic antenna array

model, compliant with 3GPP NR requirements, and of multiple antenna arrays at the base

stations and mobile handsets [85]. We then study the end-to-end performance of a mmWave

cellular network by varying the channel and antenna array configurations, and show that

increasing the number of antenna arrays and, consequently, the number of sectors is beneficial

for both throughput and latency.
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Figure 4.5: Block scheme of the Physical (PHY) layer and channel modeling in the ns-3 mmWave
framework.

4.4.1 ns-3 Modules Integration

In this work we extend the ns-3 framework in [97] by incorporating the possibility to simulate

the realistic antenna patterns and configurations described in the previous section.

As shown in Figure 4.5, the channel model implementation in the ns-3 mmWave mod-

ule depends on a number of classes, with different functionalities. The propagation loss is

computed by the MmWave3gppPropagationLossModel class, which implements also a prob-

abilistic model for the LoS and NLoS condition according to [90]. The MmWave3gppChannel,

instead, computes the channel matrix H (i.e., Equation (4.9))for each single transmitter-

receiver pair, and applies the beamforming vectors to get the beamformed received power

spectral density. Moreover, the AntennaArrayModel class models the antenna arrays at the

gNB and the UE. Finally, in each terminal, an instance of the MmWaveSpectrumPhy handles

the interaction between the PHY layer implementation, the error model and the channel

abstraction.

In order to implement the 3GPP antenna array model, the AntennaArrayModel class

has been extended to properly handle the presence of multiple antenna arrays, allowing each

terminal to transmit and receive with the proper sector (or panel) according to the angular

direction of the other transceiver in the link. In the same class, we introduce the possibility

of modeling accurate antenna radiation patterns, providing the field patterns F (previously

explained in Section 4.2.3) to the MmWave3gppChannel, which applies them to the channel

matrix. In this first version, we consider the LoS direction to compute the beamforming

vector pair for the link. Future extensions of the ns-3 simulator will include the possibility

of performing a codebook-based beamforming, with a realistic cell scan.

We highlight that all the introduced antenna settings are tunable using the ns-3 attributes

system, therefore the framework can be adjusted to simulate 3GPP NR specifications (i.e.,

with the settings in Table 4.3), but also other configurations, resulting in a useful tool for
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Table 4.3: gNB and UE suggested settings from [3]. Moreover, vertical and horizontal spacing of
antenna elements (dy, dz) is kept equal and fixed to 0.5λ for both gNB and UE. The Half Power
BeamWidth (HPBW) is the angular separation in which the magnitude of the radiation pattern
decrease by 50% (or −3 dB) from the peak of the main beam.

directivity
Gmax

HPBW
(θ3dB, ϕ3dB)

# sectors/panels

gNB 8 dBi (65◦, 65◦) 3
UE 5 dBi (90◦, 90◦) 2

the evaluation of realistic end-to-end mmWave networks.

4.4.2 Framework Test and Evaluation

4.4.2.1 Scenario

In this work, we study the performance in terms of end-to-end user throughput and latency

in a multi-site deployment, using User Datagram Protocol (UDP) as the transport protocol.

We consider a scenario with 4 gNBs at the vertices of a square of distance d and a gNB at

the center. In this setup, the 5G network is deployed in a Non Stand Alone (NSA) mode,

i.e., it uses a 4G Evolved Packet Core (EPC) network, and the UEs are configured with

multi-connectivity between an LTE evolved Node Base (eNB) (co-deployed with the central

gNB) and an NR gNB [98]. The end-to-end flows are configured as split bearers, i.e., the

LTE eNB acts as a local traffic anchor with respect to the core network, and data packets are

forwarded to and from the mmWave gNBs, according to the configuration described in [99].

All the base stations are interconnected with X2 links, which are realistically simulated in

terms of data rate limit and additional latency, as shown by the parameters in Tabble 4.4.

There are NUE users in the scenario, and they move randomly according to a two-

dimensional random walk model. They can freely hand over between the different mmWave

gNBs, or switch to the LTE eNB if all the mmWave links are in the outage condition (i.e.,

with an SINR below −5 dB). The handover procedure is coordinated by the central LTE

unit, and avoids latency-consuming interactions with the core network. The users consume

content from a remote server (e.g., for video streaming), with a constant bitrate RUE = 100

Mbit/s. We test a different number of sectors for each mmWave gNB, ranging from 3 to

4. In this first evaluation, we do not consider the single-sector setup with isotropic antenna

elements that is still available in the ns-3 mmWave module, since it would be less realistic.

The antenna directivity in our simulations is configured as described in previous Section 4.2.

The UEs are equipped with 2 panels [3]. We also compare the results for two different 3GPP

channel model configurations, namely the Urban Macro (UMa) and the Urban Micro (UMi)

scenarios. The channel condition between each user and each gNB is randomly assigned

according to the 3GPP model [90].
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Table 4.4: Additional simulation parameters used for the ns-3 simulation.

Parameter Value

mmWave carrier frequency 28 GHz
mmWave bandwidth 1 GHz
3GPP Channel Scenario UMi, UMa
mmWave outage threshold Ω −5 dB
mmWave max PHY rate 3.2 Gbit/s
X2 link latency DX2 1 ms
S1 link latency DS1 10 ms
RLC buffer size BRLC 5 MB
RLC AM reordering timer 1 ms
S1-MME link latency DMME 10 ms
UE speed v U [2, 4] m/s
UDP source rate RUE 100 Mbit/s

The metrics we consider are the end-to-end throughput, measured above the transport

layer for each user, and the latency in the Radio Access Network (RAN). In particular, in

our simulation setup, the end-to-end latency is given by a fixed component in the wired part

of the connection, and by a variable one in the RAN (i.e., the PDCP layer latency), which

depends on the different configurations we examine. Therefore, in the following section we

will only report the PDCP layer latency.

4.4.2.2 Evaluation Results

Figure. 4.6 shows the average UDP end-to-end throughput and RAN latency, respectively,

for different numbers of sectors at the gNBs and numbers of panels at the UEs. The numbers

of users NUE and distances d are fixed to 25 and 100 m, respectively.

The first notable result, which holds for both UMa and UMi scenarios, is that the

throughput increases when increasing the number of sectors in each gNB from 3 to 4, while

the average latency decreases. This is due to a combination of two factors. First, with more

sectors it is possible to limit the angular coverage area of each sector, thus beams with a

better shape and a higher gain are selected. Second, the interference decreases, since the

usage of a multi-sector deployment limits the back and side lobes that generate undesired

interference. The end result is an increase in the SINR, which translates into higher through-

put and lower latency, given that fewer retransmissions are needed and less buffering occurs.

Notice that, on average, the throughput gain is less remarkable than the latency reduction.

This is due to the fact that the source rate is limited to RUE = 100 Mbit/s, and most of

the users experience an average good channel condition and can reach this throughput. The

improvement is more relevant for the worst users, i.e., those who generally need a larger

number of retransmissions, as we will show in the next paragraphs. Finally, we highlight

that increasing the number of sectors has a cost related to the gNB hardware.

The second observation is that the UMi channel condition yields higher throughput and
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Figure 4.6: Average user throughput and latency for different configurations of the UE panels and
gNB sectors, for distance d = 100 m and NUE = 25 users. The 3GPP channel is either UMi or UMa.

lower latency than UMa. The latter, indeed, generates a larger amount of interference

across neighboring cells, thus decreasing the SINR. The UMi scenario, instead, models a

street canyon deployment, thus the inter-cell interference is much more limited. In fact,

interference affect the performance of the transmission reducing the average throughput and

increasing the number of Radio Link Control (RLC) retransmission, thus increasing average

user latency.

We have shown in the previous result how the multi-sector gNB deployment improves the

link budget performance thanks to the possibility to better control the design of both desired

and undesired beams. As reported in Table 4.3, the 3GPP suggests the use of 2 panels for

each UE. However, given the importance of handset design in 5G mmWave networks [100,

101], our result permits to evaluate the end-to-end performance by also configuring two

different numbers of panels (i.e., 2 or 3) at the UE.

Similar to the multi-sector deployment, the performance improves when installing 3

instead of 2 panels at the UEs, for the throughput but more remarkably for the latency. In

particular, for the UMi configuration with 3 panels and 4 sectors, it is possible to nearly

reach (on average) the maximum throughput RUE without increasing the latency, which

has the smallest value with this configuration (i.e., 20.83 ms). However, even if the use of

3 panels at the UE node results in an improvement of the performance, from a practical

implementation point of view, the design of a UE with these many panels must be studied

carefully, since it may not be easy to physically place all the panels in the handset. Some

preliminary designs and considerations are given in [100,101].

As a future extension of this work, it appears interesting to further evaluate the end-to-

end performance of networks with different multi-sector and multi-panel configurations, to

clearly outline the trade-offs related to the antenna array configurations and their modeling.

For example, analyze larger simulation scenarios, i.e., with more gNBs and UEs deployed
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and consequently a higher interference, other antenna array factor components, such as the

spacing of the elements and the amplitude and the phase vectors of each antenna element,

and network configurations.

4.5 MIMO Precoding

The volume of mobile data is continuously increasing, especially with high capacity applic-

ations that are emerging together with the next generation of cellular communications [38].

As an enabler for these capacity-intensive applications, in addition to the use of mmWave

frequencies, another major aspect of the new mobile generation is the densification of the net-

work applying small cells in large numbers. Furthermore, Multi-User (MU) massive MIMO

systems became of high interest as they contribute to reaching the 5G high demands (e.g.,

in terms of rates and densities), due to their ability to greatly increase network capacity [13].

For this reason, it is important to study and evaluate MU massive MIMO systems over 5G

mmWave propagation channels. By exploiting such technologies, data transmission rates

are expected to increase in the RAN, and a more efficient use of the radio spectrum can be

achieved.

The purpose of MU MIMO systems is to account for channel scattering and reflections,

thus exploiting the spatial dimension and creating multiple beams of the signal in the dir-

ection of the UEs, so that each user can benefit from the whole allowed bandwidth at any

time instant. This can be achieved by precoding the information at the gNB side. Using

a precoder, data is distributed on the different antenna elements of the gNB in order to

perform beamforming of information toward the served UEs.

4.5.1 Related Works

Many works in the literature focused on the evaluation of precoding techniques for MU

mmWave systems with massive MIMO. The closest works to ours are [102–105]. In [102],

massive MIMO was proposed and studied under the ideal condition of almost infinite anten-

nas. In [103], precoding techniques such as Minimum Mean Square Error (MMSE), Matched

Filtering (MF) and Zero Forcing (ZF) were studied under the assumption of a Rayleigh chan-

nel model and under the condition of perfect Channel State Information (CSI) acquisition.

In [104], channel estimation errors were introduced to estimate the implementation loss in

terms of precoding gain, whereas in [105] the authors link the precoding performance with

channel correlation. Finally, a recent piece of work [106] uses a realistic channel model to

perform an evaluation of a MU system in terms of bit error rate as a function of the number

of antenna elements used at the transmitter side, while however overlooking the effect of

different precoding strategies and channel estimation errors.

From the literature, it emerges that linear precoding schemes can be used to reach
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high performance under ideal assumptions. Less known is however their performance when

realistic channel models are considered. To be precise, under a Rayleigh fading model, it is

known that MMSE performs appreciably better in terms of balancing the resources among

the UEs acting as a trade-off between MF and ZF approaches. However, the Rayleigh fading

model oversimplifies the channel characterization, resulting in a channel model that does not

reflect the real mmWave propagation specifics.

In 3GPP NR systems, the exploitation of mmWave frequency bands (both at 28 GHz

and at 60 GHz) for the next generation of mobile communications is currently defined [107].

Within the standard, different types of CSI feedback mechanisms have been included to

support MIMO transmissions. In particular, release 15 includes Type-I and Type-II code-

book CSI feedback, enabling different trade-offs between CSI resolutions and feedback over-

head [108]. Both codebooks attempt to reduce the CSI overhead by approximating the

channel matrix dominant eigenvector by a predefined Discrete Fourier Transform (DFT)

codebook. More precisely, when a Type-I CSI feedback scheme is adopted, the UE feeds

back the index of a vector taken from a suitable oversampled DFT codebook that best ap-

proximates the dominant eigenvector of the channel matrix; conversely, when Type-II CSI

is adopted, the feedback is composed of a linear combination of two or more (up to 4 per

polarization) vectors taken from the oversampled DFT codebook. In this latter case, both

the indices of the chosen vectors and the linear combination coefficients are fed back to gNB.

Finally, it is worth observing that the accuracy of a Type-II CSI feedback scheme is larger,

and so is the resulting overhead [109]. The reason behind such mechanisms is to be found in

the attempt to reduce the amount of CSI acquisition overhead while exploiting MIMO ad-

vantages, such as spatial multiplexing and beamforming. Although at the moment full CSI8

is not included in the standard, ongoing discussions are attempting to assess the trade-off

between precoding gain and overhead cost.

Differently from the prior art, the objective of this study is twofold. First, we aim

at evaluating the performance of diverse precoders when a realistic channel is considered,

where “realistic” denotes both the adoption of a channel model supported by experimental

evidence and the inclusion of CSI imperfections. Second, we compare the aforementioned

linear precoders against Grid of Beams (GoB) optimization approaches, with the goal of

assessing the gain of linear precoders over simpler (and less demanding in term of CSI) GoB

approaches.

4.5.2 System Model

As reported in Figure 4.7, we consider a scenario with both a realistic sectorization and an

antenna array radiation pattern, as suggested by the 3GPP specifications in [92]. Moreover,

two measurement-based realistic channel models are considered, one from NYU [21] and one

8According to the 3GPP terminology, the term full CSI is known as explicit CSI.
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Figure 4.7: Illustration of the mmWave system model considered (bottom) and representation of
the channel model used for each link in the framework (top).

from 3GPP as suggested in [90], both used to evaluate and compare the performance of

different precoders.

We consider a narrowband single-cell downlink MU MIMO mmWave system where a

single gNB sector with NT transmit antennas is servingM single-antenna UEs.9 The channel

to the m-th user is assumed narrowband and is described by the vector of coefficients hm ∈
CNT×1, and its j-th element describes the channel response between the j-th transmitting

antenna element and the receive antenna. This input-output relationship can be described

as

ym = hH
mx+ nm, m ∈ {1, 2, . . . ,M} (4.13)

where x is the NT × 1 transmitted vector signal, ym ∈ C is the received signal, and nm is

the noise term. Assuming to use a precoder, the transmitted vector signal is x =
∑︁M

i=1wisi,

where si is the data symbol and wi is the NT × 1 linear precoding vector.

Aggregating together the precoding vectors of all theM UEs we can define the precoding

matrix W = [w1, . . . ,wM ] ∈ CNT×M . We note that, in order to respect the power constraint

E
[︁
∥Ws∥2

]︁
= 1, we normalize the precoding matrix with the Frobenius norm as followsˆ︂W = W

∥W∥F . Using this notation, it is possible to write the system input-output equation as

y = HHˆ︂Ws+ n (4.14)

9We note that the number of UEs that can be simultaneously supported by the gNB sector is less than
or equal to the number of antenna elements, i.e., M ≤ NT.
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where y, s and n are vectors with dimension M × 1, while channel matrix H is defined in

CNT×M .

Finally, we define H̄
(p)

as the M ×M equivalent matrix obtained with the product

H̄
(p)

= HHˆ︂W(p) (4.15)

where superscript p is used to identify the different precoding approaches evaluated as de-

scribed in the following.

4.5.3 Precoders Considered

With the intent to perform a study of the different precoding techniques while realistically

modeling the channel, we discuss in the following paragraphs all the approaches evaluated

and provide details on how they are computed.

4.5.3.1 Grid of beams (power optimization)

This approach consists in the use of a codebook Z of precomputed precoders that will be

tested with the aim to choose the one that maximizes a specific metric. Each precoder vector

in the codebook represents a DFT beam pointing towards a direction. According to this

principle, the entire codebook spans the whole effective area10.

Two different GoB metrics and thus optimization criteria are considered in this study.

First, for each active UE, we identify the precoder w
(GoBP)
m which maximizes the received

power among all possible precoder vectors z in the codebook Z, thus

w(GoBP)
m = argmax

z∈Z
|hH

mwz|2 (4.16)

We identify it with the acronym GoBP, and the respective precoding matrix is derived as

W(GoBP) =
[︂
w

(GoBP)
1 , . . . ,w

(GoBP)
M

]︂
(4.17)

4.5.3.2 Grid of beams (SLNR optimization)

Similarly, we study an alternative in which the precoder is chosen by maximizing the Signal

to Leakage plus Noise Ratio (SLNR) for each single UE m. We define it as GoBSLNR and

the optimization expression becomes

w(GoBSLNR)
m = argmax

z∈Z

(︄
|hH

m,mwz|2

σ2 +
∑︁

i ̸=m |hH
m,iwz|2

)︄
(4.18)

10This principle is an assumption adopted for this evaluation. Different codebook designs can also be
applied in our optimization.
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then, the precoder matrix W(GoBSLNR) is derived as in (4.17).

The rationale behind this choice is that the sum of SLNRs is a close approximation of

the sum of SINRs, with the advantage of being computationally much easier to perform.

This stems mainly from the fact that whereas the sum SINR maximization would require

an exhaustive search for all possible beams and all users in the cell, the sum SLNR can be

maximized by simply maximizing the SLNR of each UE.

4.5.3.3 Matched filter precoder [110]

The MF, also known as conjugate beamforming, maximizes the power of the received signal,

without any interference consideration. It is optimum when the noise power received by the

UE is much stronger than the interference that would result from the transmitted signals

intended to be received by the co-scheduled UEs. For this reason, it is optimum for noise-

limited scenarios.11 Its precoding matrix is expressed as

W(MF) = ˆ︁H (4.19)

The gNB computes the precoding matrix after estimating the channel so as to direct the

useful energy in the direction of each UE. In our evaluation, we assume complete knowledge

of the channel and we use this assumption for the calculation of this and the next precoders.

4.5.3.4 Zero-forcing precoder

An evolution of MF linear processing can be used to limit the detrimental effects of multi-user

interference. The ZF precoder tries to cancel the power of the interference, and therefore is

an optimal solution for interference-limited scenarios. This interference canceling property is

obtained at the price of a slightly complex precoder computation and of a reduced received

power. The precoding matrix is designed according to the ZF criterion [111] and is given by

W(ZF) = ˆ︁H( ˆ︁HH ˆ︁H)−1 (4.20)

which simply denotes the right pseudo-inverse of the matrix ˆ︁HH .

4.5.3.5 Minimum mean square error precoder

Differently from the last two precoders considered, the MMSE precoding strategy (also

known as Kalman filter precoder) maximizes the sum of the SINR. Therefore, it optimizes

the received power while minimizing the interference signal. It can be considered as a solution

11Noise-limited and interference-limited scenario refer, respectively, to the case in which the noise power
is greater than the interference power and vice-versa.
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in between the MF and the ZF precoders. The precoding matrix is expressed as

W(MMSE) = ˆ︁H(︃ˆ︁HH ˆ︁H+
1

SNR
IM

)︃−1

(4.21)

and it is possible to prove that it can be expressed as a linear combination of MF and ZF

precoders [112].

4.5.4 Imperfect Channel Estimate

Focusing on a realistic system, achieving a complete and correct knowledge of the CSI is not

feasible in a practical framework. To be precise, typical mmWave implementation does not

have direct access to the signals received on each gNB antenna, so learning the channel on

each antenna element is currently extremely difficult and almost infeasible. For this reason,

we consider the performance in case the transmitter has an imperfect channel estimate.

The channel estimation error is modeled following a Gauss-Markov formulation, where

the imperfect channel He is obtained using the true channel H as follows

He = τH+
√︁
1− τ2E (4.22)

where each term of the matrix E follows a circularly symmetric Normal distribution CN (0, 1).

Moreover, the scalar parameter τ ∈ [0, 1] is used to indicate the quality of the channel

estimation, where τ = 1 corresponds to perfect estimation of the channel whereas τ = 0

corresponds to having only the random channel E [113]. This parameter depends on factors

such as the time/power spent on pilot-based channel estimation. As done in (4.15), and

with the imperfect channel consideration, the equivalent matrix becomes

H̄e = ˆ︁HHˆ︂W(p)
e (4.23)

where the precoder ˆ︂W(p)
e has been calculated considering the imperfect channel He.

4.5.5 Precoders Evaluation

In this section we provide some simulation results to compare the performance of the different

precoders considered, which will be assessed in terms of SINR and achievable system capacity.

Before examining in detail all the results, we briefly report here the SINR expression used in

our evaluation. Furthermore, some important parameters of the study are the total number

of antennas NT at the gNB site which is 64 placed with a [8 × 8] vertical and horizontal

UPA configuration and λ[0.7, 0.5] vertical and horizontal as element spacing, respectively.

Then, we have evaluate an imperfect channel considering using the imperfect channel metric
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Figure 4.8: System capacity for the different precoders, varying the transmitted power PTX. In
this figure, M = 4, NF = 7 dB, and the channel is modeled as NYU in the left plot and following the
3GPP characterization in the right plot.

τ = 0.99.12 The results have been collected over a sufficient number of repetitions in order

to obtain the desired accuracy, thus precisely evaluating the different precoders. In fact,

the figures are obtained with a Monte Carlo approach which generates random samples of

channel and environment for all the UEs in each iteration.

The first metric considered in our evaluation is the SINR, we calculate it for each UE m

as follows

SINR(p)
m =

|h̄(p)
m,m|2

1
SNR +

∑︁
i ̸=m |h̄

(p)
m,i|2

(4.24)

where SNR is computed using the transmitted power, the path loss ℓ, and the thermal noise

σ2 as PTXℓ−1

σ2 . We note that each UE’s SINR is affected by the accurate antenna array

radiation pattern that is computed considering the field factor term into the channel gains,

as previously described in (5.4). Finally, superscript (p) is used to identify the M × 1 vector

of the equivalent matrix H̄
(p)

obtained with the corresponding precoder ˆ︂W(p). We recall

that the precoding matrix is included into the equivalent matrix as done in (4.15).

With the use of the SINR expression in (5.9), we can compute the channel capacity as

follows

C(p)
m = log2

(︂
1 + SINR(p)

m

)︂
. (4.25)

This metric can be used to evaluate the spectral efficiency of each configuration, and we

indicate its average value by C̄. Figure 4.8 plots the average system capacity in the different

configurations as a function of the transmit power PTX used at the gNB side. The growing

12The value τ = 0.99 identifies an optimistic channel imperfection. As discussed later in the results, even
with a small error in the CSI the degradation is notable.
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Figure 4.9: Empirical CDF of the SINR for the different precoders evaluated when an imperfect
channel is considered. In this figure, M = 4, NF = 7 dB and τ = 0.99, and the channel is modeled
as NYU in the left plot and following the 3GPP characterization in the right plot.

transmit power increases at the same rate the received power and the interference levels

for the interference-blind precoders (i.e., MF, GoB) hence resulting in a saturation of the

performance. Conversely, interference-aware precoders such as ZF and MMSE can have

indefinitely growing performance. The figures display the good performance of the GoB

precoder when the SLNR is optimized. We remark that, even if the average MF SINR is

higher with respect to the other configurations, it presents poor fairness among the UEs.

Comparing the two realistic models, we can notice also in this figure how the directivity

of the NYU model results in good outcomes for the capacity in the two GoB approaches

in the range of values around 20 dBm of transmitted power. Contrary to expectation,

in this particular range, GoB procedures can perform appreciably better than ZF if high

spectral efficiency is desired, while, if a more energy-efficient operating point is chosen, the

performance gap narrows, and eventually MF outperforms all the other configurations.

As a final result, Figure 4.9 reports the empirical CDF of the SINR when an imperfect

channel He is considered. As expected, the MMSE precoder outperforms all the other

configurations for most of the UEs. Furthermore, due to the high directivity of the NYU

channel, both GoB precoders are able to reach higher SINR values, with respect to the MF,

for more than forty percent of the UEs. We note that for these plots we have used a 7 dB

noise figure13, which corresponds to a mostly interference-limited system [4].

We remind that in this evaluation we have used an error identified by the parameter

τ = 0.99. More importantly, when an error in the channel estimation is considered, the

gap between GoB optimization approaches and linear precoders is strongly reduced and, in

13The noise figure term quantifies the degradation of the SNR due to the noise present in the system.
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Table 4.5: Evaluation of the gaps in the 50-th percentile of the SINR expressed in dB for the
different precoders considered in this evaluation. Table obtained with a fixed number of UEs M = 4,
and PTX = 30 dBm.

perfect CSI
(τ = 1)

imperfect CSI
(τ = 0.99)

NYU 3GPP NYU 3GPP

MF – GoBSLNR +0.87 −0.80 −0.46 −1.03
ZF – GoBSLNR +1.40 +6.33 +0.89 +5.67

MMSE – GoBSLNR +4.05 +6.45 +1.36 +5.67

most cases, GoB is even able to outperform the linear precoders. We recall that gathering

the CSI necessary to use MF, ZF and the MMSE precoders has a cost for the system that

should be properly considered. Furthermore, given the small implementation loss of GoB

precoding with respect to more refined systems, and considering the high level of complexity

that gathering the necessary CSI would require, it seems that the additional complexity may

not be justified by the modest (or even vanishing) performance improvement.

4.5.5.1 Remarks

We report in this subsection the main remarks raised in our evaluation study. Due to the

directionality of mmWave channels, our results support GoB approaches as a good trade-off

between CSI acquisition complexity and performance. Given the limited advantage (about

+4 dB with MMSE and the NYU channel model), there is no strong motivation to use linear

precoders in multi-user systems at mmWave frequencies. Table 4.5 summarizes our findings,

reporting the SINR gaps for the 50-th percentile in the different approaches considered.

Although linear precoders can exploit a larger amount of information on the channel matrix,

requiring full CSI at the transmitter, the gain under imperfect CSI can be assessed as less

than +1.36 dB with MMSE and the NYU channel model. If the inaccuracy of the channel

estimation grows, it is possible to conjecture that the gap would close even more, eventually

eliding any advantage. A similar trend, though with slightly higher gains, can be observed

when the 3GPP channel model is considered.

4.6 Tilt Angle Optimization

In the next generation of cellular communications, in addition to the use of mmWave fre-

quencies, several new features will be integrated into the cellular framework of the next

generation. Among them, directional transmission, achieved by radio frequency beams and

base-band precoding, is adopted to increase the spectral efficiency and coverage, whereas a

dynamic Time Division Duplex (TDD) frame structure would allow a more efficient usage

of the spectral resources. In particular, the latter is a promising way to improve the spectral
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efficiency of the wireless communication networks, since a flexible traffic adaptation can be

achieved by dynamically changing the slots of the frame structure between the Uplink (UL)

and Downlink (DL) transmission directions. Briefly, this means that transmission slots are

dynamically allocated in DL or UL by each gNB according to the needs at every time instant.

While such a feature is useful to dynamically meet the needs of the UEs, it raises new

issues, such as the increase of interference levels in case an adjacent node is transmitting

while the other one is receiving. Furthermore, even if the interfering source belongs to

another operator and is using a different band, interference is not negligible due to the

presence of out-of-band emissions and receiver selectivity [114]. For this reason, considering

the large amount of interference perceived, a study of valid solutions is required in order to

take complete advantage of the dynamic TDD transmission.

In this study, we are interested to consider the optimization of the mechanical tilt angle

as an antenna parameter which can be useful to reduce the interference. Since antenna

tilting can strongly influence the radiation pattern of both transmitter and receiver, both

desired and interference directions are affected by this setting [87]. Eventually, we aim to

highlight the relationship between performance and tilting angle.

4.6.1 Related Works

In the literature, while some works focus on tilting optimization approaches for past genera-

tions of mobile communication systems (e.g., LTE), in the academia there are no works that

study the advantages of mechanical tilting when the directional transmission is applied in

5G mobile scenarios. The closest works to ours are [115] and [116]. Moreover, some 3GPP

specifications14 are relevant and they can be considered as state of the art for this study,

such as [90] and [107]. Due to the lack of research on this aspect, we want to highlight with

this work the importance and the benefits of the tilt consideration.

In [115], the authors investigate the use of dynamic TDD configurations in the application

of outdoor LTE Pico-cell deployments. Performance benefits are evaluated and gains in

packet throughput are displayed. However, new and complex considerations are required to

adapt this approach to a 5G mmWave system (e.g., due to directional transmissions).

A preliminary analysis obtained through system-level simulations for next-generation

cellular systems can be found in [116], where the use of a frequency domain interference

coordination technique is proposed. However, this second work focuses on the study of the

performance of the dynamic allocation approach only, without detailed scenario considera-

tions or discussions.

14These technical reports are provided by the industry members of the 3GPP alliance, which have studied
this aspect. However, except for suggesting some values, no particular details on the research activities are
available.
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Figure 4.10: Example of steering obtained through both mechanical and electrical downtilts (top).
Illustration of the dynamic TDD scenario considered (bottom). In the scenario, a UL transmission is
performed by the central UE with the blue beam, while a DL and interfering transmission is operated
by the gNB of another operator which is shown by the orange beam.

4.6.2 Scenario Considered

With respect to these prior studies, several are the assumptions we introduce in this work.

As shown in Figure 4.10, we have considered a realistic mmWave environment operating

in the 28 GHz band where two operators are dynamically controlling the frame structure,

thereby generating a situation of adjacent interference. Furthermore, interference from other

nodes of the same operators is also considered, thus representing a detailed 5G mobile

system. Each transmitting link in the environment, either desired or interfering connection,

is precisely characterized using realistic MIMO channel matrices generated according to

NYU statistical channel model. We remind that, this model is based on the WINNER II

channel characterization [22], and considers macro-level scattering paths and respective sub-

paths. Precise details on channel aspects can be found in our previous analysis [117] and

Section 2.3. Finally, an accurate antenna characterization has been used to model the array

radiation pattern as done in our previous work [86].

We consider a cellular MIMO mmWave system in which a single gNB sector equipped

with a panel composed of [8× 8] antenna elements is receiving a UL communication signal

from an associated UE. In order to precisely evaluate the performance of a dynamic TDD

system, we deploy a realistic dense cellular network and compute the performance of the

transmission. Thus, both the interfering gNBs and UEs are deployed in the area surrounding

the receiving UE. All the UEs in the network are equipped with a [4× 4] UPA antenna with

element spacing set to [0.5, 0.5]λ in the vertical and horizontal dimensions.
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Table 4.6: List of ACLR and ACS parameters used in the evaluation.

Value Meaning

28 dB ACLRgNB

17 dB ACLRUE

24 dB ACSgNB

23 dB ACSUE

Considering a UL connection, the desired communication link is affected by two main

sources of interference. The first source of interference is composed of the other nodes of the

same operator in the area: other gNBs in downlink and UEs in uplink. The second source

of interference is composed of gNB of a different operator which may be closely located

to the examined node. Although the interfering node is using a different portion of the

band, the interference generated by out-of-band emissions is not negligible, especially when

the two nodes are closely located. In the classic analysis, Adjacent Channel Interference

Ratio (ACIR) effects are usually not considered, since they can be neglected if frames are

synchronized and frequency-reuse mechanisms are applied. However, this is not the case

here, since coordination between nodes of different operators is typically not feasible.

Also in this study, the channels linking all the devices are modeled according to the NYU

channel model. Furthermore, the antenna array radiation model adopted follows the one

established by 3GPP in [90] as previously explained in Section 4.2 and work [50]. Finally,

each UE in the network is associated with the gNB which provides the strongest Reference

Signal Received Power (RSRP), and transmission beams are aligned between transmitter

and receiver.

4.6.3 Adjacent Channel Interference Ratio

To accurately evaluate the effect of interference originating from out-of-band emission in the

adjacent band, the ACIR term must be properly treated. It is computed considering two

parameters: Adjacent Channel Leakage Ratio (ACLR) and Adjacent Channel Selectivity

(ACS). The former is related to the interfering system transmitter, and is specified as the

ratio of the mean power centered on the assigned channel frequency to the mean power

centered on an adjacent channel frequency. Conversely, the ACS term relates to the selectiv-

ity error of the victim system receiver [114, 118]. According to these definitions, the ACIR

is calculated as

ACIR =
1

1
ACLRs

+ 1
ACSs

(4.26)

where both leakage and selectivity terms are specific for the node type, i.e., s ∈ {gNB,UE}.
Values of the ACLR and ACS parameters have been computed according to documents [92,

107,119] and are reported in Table 4.6.
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Using the ACIR term, we can compute the SINR as

SINR =

PTX
ℓ1
G1∑︁

y
PTX
ℓy
Gy + ACIRPTX

ℓ2
G2 + σ2

(4.27)

where in the numerator the received power is calculated considering the specific path loss ℓ1

and gain G1 computed examining the antenna radiations and channel characterizations of

the desired link. The denominator is obtained summing three parts. First, the interference

generated by all the active nodes y ∈ Y of the same operator. Second, the interference

generated by the gNB of the other operator attenuated by the ACIR value. Third, the

thermal noise σ2.

4.6.4 Comparison Results

This section reports the numerical simulation results that show the achievable performance

when the mechanical tilt angle is properly considered.

In detail, a gNB with three sectors, each equipped with a UPA composed of 64 antenna

elements, is considered. The UEs are modeled as 16 elements UPAs facing their attached

gNB. In our evaluation, we display results for the [8 × 8] antenna elements configuration.

However, we remark that similar behaviors can be observed also with different antenna

configurations, e.g., with a diverse number of antenna elements or antenna spacing.

In this study, we account for the effect of interference to assess its impact on the optimal

tilting angle. Figure 4.11 display these findings. The green solid line represents the variation

of the SNR as a function of the tilting angle, and has it maximum at about 110 degrees,

i.e., 20 degrees below the horizon15. This is not surprising since most UEs attached to the

gNB are located in that zone. However, when the SINR (displayed by the solid yellow line)

is considered, the optimal tilting angle increases to 140 degrees, which yields a 3 dB average

performance gain. This is due to the reduction of the interference power that is obtained by

further tilting towards the ground the panel direction. To display this effect, we report the

level of the INR as a dashed blue line, which has its minimum at about 150 degrees.

In relation to our results, 3GPP specifications [90] recommend the usage of a tilting angle

in the range 102–110 degrees. This is coherent with an analysis done for interference-free

scenarios. However, when interference is accounted, such recommendation yields suboptimal

results. Nonetheless, our results are strongly scenario-dependent and prone to vary with

both the UE and the gNBs placement, the transmission power and the ISD. Although all

the parameters have an impact on the value of the optimal tilt angle, the most relevant are

linked to the topology of the environment: ISD and antenna heights. Therefore, we suggest

that, in order to use a scenario in the optimal condition, this evaluation should be made on

15In this evaluation we consider the zero of the elevation (i.e., the z-axis) pointing towards the zenith.
Consequently, a 90 degree elevation is oriented towards the horizon.
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Figure 4.11: Average gain values of the INR, SINR, and SNR varying the tilt angle in the config-
uration with [8 × 8] antenna elements, vertically and horizontally spaced as λ[0.7, 0.5], respectively.
Furthermore, Inter-Site Distance (ISD) is considered fixed to 100 m.

a per placement basis. In other words, instead of using a fixed value, as suggested in 3GPP

specifications [90], a proper evaluation should be done prior to the deployment of each gNB

in a way to identify the optimal tilt angle according to the specific antenna, adjacent nodes

and network settings.

4.6.4.1 Remarks

This research activity highlights the impact of the mechanical tilt angle on the mmWave

communication performance when dynamic TDD is applied. Our study led to the following

observations. First, due to the dynamic TDD frame structure, the tilting determined solely

based on an interference-free assumption leads to suboptimal network performance. Second,

it is possible to identify the optimal tilt angle to improve the SINR of both the average and

the worst user. Third, the optimal angle depends on several scenario-dependent parameters

and should be quantified on a network planning basis. Therefore, alongside to the industry

tilt results in [90], our work aims to highlight the importance of precisely considering mech-

anical tilting to achieve performance improvements.

4.7 Antenna Optimization through Machine Learning

Complex phenomena are generally modeled in sophisticated simulators that, in order to be

accurate, can be very demanding in terms of computational resources and simulation time.

Their time-consuming nature together with a typically vast parameter space to be explored

makes simulation-based optimization often unfeasible. In this last section, we present a

method that, bypassing the simulator, enables the optimization of complex antenna systems
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through Machine Learning (ML) techniques [88].

In details, we show how well-known learning algorithms are able to reliably emulate a

complex simulator with a modest dataset obtained from it. The trained emulator is then able

to yield values close to the simulated ones in virtually no time. Therefore, it is possible to

perform a global numerical optimization over the vast multi-dimensional parameter space, in

a fraction of the time that would be required by a simple brute-force search. After simulating

a number of antenna configurations and collecting the relative network-level statistics, we

feed it into our framework. Results show that, even with few data points, extrapolating

a continuous model makes it possible to estimate the global optimum configuration almost

instantaneously. The very same tool can then be used to achieve any further optimization

goal on the same input parameters in negligible time.

Before proceeding with the manufacturing of antenna array, a careful design phase is

required in order to optimize user performance. For an accurate analysis of 5G mmWave

cellular scenarios, it is important to consider realistic antenna patterns combined with a

rigorous channel model in order to simulate the wireless radiation environment.

Given the high prototyping cost, antenna designs are generally evaluated through sim-

ulators first. However, given the large number of parameters that need to be tuned, the

optimization of an objective function (e.g., maximization of the SINR) is extremely time-

consuming, or even infeasible. Gathering results from a realistic simulator can take a very

long time, depending on the required level of detail and the accuracy of the employed antenna

models. Therefore, an alternative way must be found to reach the optimization goal.

In order to address this problem, we propose and evaluate a ML framework able to

emulate a complex simulator and to achieve the optimization in a reasonable amount of time.

This last concept is represented in the diagram of Figure 4.12, where it is shown how the

parameter optimization can be reached through the ML-based emulator, that only requires a

relatively small dataset of simulated data. We highlight that the proposed framework can be

used for optimization in a wide set of scenarios, when a complex environment is simulated.

4.7.1 Related Works

Researchers are eager to understand the possibilities that the ML techniques can offer when

applied to communication problems. The new database proposed in [120] is a proof of this

new trend, as it lays the premises for a common research ground.

One common application of ML is parameter estimation, where great results were achieved

even when the most sophisticated classical techniques failed. This is the case in [121], where

the authors try to estimate the DL channel starting from samples of the UL channel. While

well-known signal processing techniques (e.g., the Wiener filter) were not able to perform a

good estimate, the ML approach proposed by the authors yields great results.

Another common approach is the encoding of the channel representation through au-
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Figure 4.12: Workflow of the proposed framework. The diagram highlights how the parameter
optimization is reached using a ML-based emulator.

toencoders [122]. Autoencoders are an unsupervised learning algorithm, and as such they

do not need labeled data but can learn autonomously. The idea behind this technique is to

train two Neural Networks (NNs), one performing the encoding of the input data, the second

trying to decode it. The layer between the two should contain, in our case, a useful and

extremely compressed representation of the channel. This can be applied at many levels,

starting from the pure, physical channel model, to the entire transmitter-channel-receiver

chain [123]. This allows obtaining either encoders/decoders, transmitter/receiver chains or

channel models that have a much lower computational complexity.

Then, ML has been successfully applied also at the network layer. Innovative ideas and

proposals have challenged even the most resilient classical paradigms such as the ISO/OSI

architecture [124], as the evolution of the information infrastructures calls for a radical

change. These new approaches started showing their potential in the increasingly hetero-

geneous network scenarios, e.g., when facing the high data load and quality of experience

required for video streaming [125]. We believe that ML can play a central role in tackling

highly complex problems in a data-rich environment.

Furthermore, the authors in [126] use Deep NNs to optimize the allocation algorithm

in a wireless resource management problem. The proposed concept is similar to the one

described in our work, as a learning tool is used to approximate a complex input-output

function. However, the authors also include the optimization step into the learning process
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and use many more training samples to accommodate the needs of their deep architecture.

For our work, instead, it is crucial to use as few samples as possible as we aim to speed up the

optimization process by approximating very slow simulators, making the data acquisition

the main bottleneck.

In the literature, many research activities have been focusing on the study of mmWave

mobile environments while in parallel a lot of works have studied in the past the problem

of beamforming and antenna array optimization. However, there are no conclusive works

focused on antenna optimization precisely for mmWave mobile scenarios.

In view of this goal, in the remainder of the section we report some related works on

antenna characterization for mmWave bands which have been a guideline for the activity

carried out in this study. Our previous work [4] has been considered as the baseline for the

mobile network simulator. Starting from that, several changes have been made to adapt

the cellular simulator to test all the antenna element and array settings. While, the actual

antenna gain obtained due to the radiation pattern is precisely evaluated as described in

Section 4.2 and previous work [50]. As it is customary, antenna patterns were modeled as

the superposition between the single element radiation pattern and the array factor.

4.7.2 Framework Description

The objective of the proposed framework is to speed up simulation-based optimization in

the presence of slow simulators. Optimization based on simulated data requires a number

of iterations, each with a different input configuration, for the optimization strategy to steer

toward the optimal value. The major constraint is the simulation time16, which makes a

brute-force approach unfeasible. The goal of our framework is to require a small number

of simulations to learn the input-output relationship through ML algorithms, which are

orders of magnitude faster to evaluate. A key advantage is that, after the preliminary

database creation, the optimization of the selected antenna parameters can be achieved in a

negligible amount of time, even when testing different optimization goals. In fact, we remark

that once the emulator is trained, the optimization of multiple objective functions can be

done instantaneously. Although the idea is broadly applicable, our focus here is antenna

optimization over network-level metrics for mmWave systems.

4.7.2.1 Network Simulator

In order to test the framework, we need to emulate some data. A custom simulator was built

in order to efficiently obtain results from such complex simulations. Simulation parameters

are 3GPP standard-compliant [90,127].

16Simulation times vary remarkably depending on the type of the simulation and the accuracy required. It
is not unlikely for a single run to require hours or even days.
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Variable parameters of the scenarios considered are antenna spacing dz, dy in the vertical

and horizontal directions, respectively, and number of antenna elements nz, ny ∈ 1, 2, . . . , N

in the vertical and horizontal directions, respectively. The total number of antenna elements

is fixed to N = 64, in order to obtain a fair comparison between different configurations.

Thus, nz and ny are the integer divisors of N and they are deterministically related through

nz =
N
ny
.

For each configuration, we collect network-level metrics such as:

• average SINR (SINR);

• 5-th percentile of the SINR (SINR5).

4.7.2.2 Data Analysis and Machine Learning

The dataset was created with the simulator introduced in previous Section 4.7.2.1. Given

that our goal is to show the capabilities of the framework and not the optimization itself, the

simulator has been simplified to obtain a good number of samples in a reasonable amount

of time. It should be clear that such a rich database would not be available in a complex,

thus more realistic simulation.

The objective of the learning algorithm is to learn the underlying function mapping the

input antenna configuration to the output network metrics, as an example

f : Rn →Rm

x ↦→y
(4.28)

where x is the vector of the n input antenna parameters, f represents the simulator, com-

puting the output network statistics from a given antenna configuration, and, finally, y is the

vector of the m considered network metrics. Therefore, the learning algorithm (emulator)

learns an approximation f̂ of the simulator ’s underlying function f , thus trying to mimic it.

Considering a scalar output y, the prediction or emulation error is then computed as the

difference between the prediction of the emulator ŷ and the corresponding simulator output

y. In order to assess this, we define the normalized Root Mean Square Error (nRMSE) as

nRMSE =

⌜⃓⃓⎷ 1

N

N∑︂
i=1

(
yi − ŷi
yi

)2 (4.29)

where N is the number of samples of the test set. This parameter allows for a fair comparison

among metrics on different scales, as the normalization yields a percentage of standard error

with respect to the simulated value. Note that SINR values are first converted to linear

units.
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In this preliminary study, results are validated using a test set of 300 samples, that was

proved to be large enough for this setup to obtain good testing accuracy. In this work,

the test set size is kept fixed, to allow a simplified presentation of the framework while

guaranteeing a proper result validation.

Several learning techniques have been analyzed and tested [128]. However, only results

for linear regression, random forests and RRs are hereby reported.

• Linear Regression is the most basic regression algorithms. Despite its simplicity,

many versions and adaptations have been created, able to solve non-trivial problems.

It is often considered as a baseline for more powerful algorithms;

• Gaussian Processes consider data as if it was sampled from a stochastic process,

trying to minimize the log-marginal-likelihood during the fit;

• Random Forests are ensembles of decision trees, that approximate stepwise the

target function;

• Support Vector Regressors (SVRs) are derived from the Support Vector Ma-

chine (SVM) classification algorithm. Among all the typical kernels, the Gaussian one

performed best and is shown here.

One of the main advantages of the polynomial regression is that, due to its simplicity, it is

fast to train and easily interpretable, i.e., the analysis of the coefficients leads to some insights

on the importance of the different inputs and their correlation. On the other hand, random

forests and SVRs are black-box algorithms, meaning that results are hardly interpretable.

In Figure 4.13, we evaluate the performance of the selected algorithms for increasing

training sizes. We recall that increasing the number of training samples is always beneficial

for learning, improving both emulation accuracy and stability. However, it affects the dataset

creation time, going against the purpose of the framework.

Moreover, note that the performance of linear regression quickly saturate, while more

complex algorithms achieve a lower error before converging. Saturation is expected even

with the most powerful algorithms since data obtained from the simulator is inherently

noisy (e.g., the number of Monte Carlo simulations is never infinite, thus statistics are not

perfect). Instead, the reason why simpler algorithms tend to saturate earlier and with higher

errors is because they are too simple to describe the inherent properties of the underlying

function f . This concept can be easily seen in Figure 4.14, where we visually compare the

emulator fit with the simulator samples.

As expected, the nRMSE decreases as the training size increases, but at different rates

for different algorithms. The trade-off between the number of samples and the emulation

precision has to be taken into account when selecting the algorithm. The achieved nRMSE

can be extremely low, namely about 3.2% and 5.7% for SINR and SINR5, respectively.
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Figure 4.13: Plots show the nRMSE as a function of the number of training samples. Multiple
runs are performed, showing mean (line) and 95 % confidence interval for each algorithm (shadowed
area).

Finally, in general, we observed that it is not possible to have a universally valid list of

best algorithms, as this is very much dependent on the simulator, the scenario, and even

the considered metric. As a basic approach, once the error achieves a target threshold,

the emulator can be used for the optimization and the simulator can be stopped. As an

example, if our target is a 6% error, then for SINR5 we would need 300 training samples,

while for SINR, 150 samples would suffice, much fewer than the 700 reported here. Thus,

in a realistic deployment, the number of required samples could be decided on the fly.

4.7.2.3 Optimization

The proposed framework is optimization agnostic, meaning that most standard numerical

optimization techniques can be equally used. Clearly, the learned representation is just an

approximation of the real-world performance, as the simulator tries to reproduce the reality,

the emulator approximates the simulator itself, adding a further level of abstraction that

further distances it from the real-world.

Since in general our models are not required to be differentiable, nor would we have

an explicit derivative for most of them, gradient-based techniques are hardly usable. Some

of the inputs could also be categorical or discrete (e.g., the number of antennas in each

dimension). Furthermore, we are not posing any constraint on the convexity (or concavity)

of the underlying function. For these reasons, gradient-based optimization algorithms would

not even be desirable.

On the other hand, since a global optimum is typically desired, gradient-free global

optimization algorithms exist that satisfy all these requirements (e.g., genetic algorithms

or simulated annealing). Nowadays most scientific-oriented programming languages have

optimization libraries, implementing a number of algorithms. As briefly explained in 4.7.2,
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Figure 4.14: Representation of a one-dimensional plot obtained by fixing all the array parameters
except one. The plot makes it possible to visually compare the emulator fit with the simulator
samples. In this case, an [8× 8] array was used with dy = 0.5λ spacing, while the vertical spacing dz
is varying. The emulator is still trained in all 4 inputs simultaneously, justifying the suboptimal fit
towards higher values of dz.

Figure 4.14 shows the noisiness of the training data. Thus, finding the maximum values over

the raw data might not be the best choice, while numerically finding a global maximum over

a smooth model might be a better choice, provided that the model is not underfitting. In

the next part, we show the results obtained for the antenna optimization.

4.7.3 Optimization Results

The optimization phase shows the significant advantages of this framework. As previously

stated, we remark that the proposed framework can be used for optimization in a wide

set of scenarios, beyond that of cellular network design, used here as an example. As the

optimization is done jointly on all the input parameters, the hyperspace where it operates can

be extremely vast and complex. These features, along with the complexity of the search of

the global maximum, require a very large number of evaluations. The gain of the framework

can then be measured comparing the number of entries necessary for the database creation

with the number of function evaluations needed by the optimization. This is because, due to

the typical complexity of a simulator, the time required to obtain the database far exceeds

that of the training and the optimization itself. In terms of time costs, the training itself is

negligible and, once trained, the predictions are instantaneous.

Another aspect to take into account is that, although significant, the database creation

in our framework is an overhead that is needed only once, as it does not depend on the op-

timization goal. The same emulator, providing almost instantaneous iterations, can be used

with different optimization objectives, without requiring long simulator-based iterations.

For our example, given the data analysis initially done, we decided to use as the objective
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Figure 4.15: Comparison of the network performance obtained with the baseline configuration (blue
bar), with the optimal configuration identified using the simulator samples (orange bar) and using
the emulator (green bar).

function

maximize SINR

s.t. SINR5 > 6 dB
(4.30)

where the constraint on the worst UEs (identified with SINR5) has been introduced in order

to guarantee some degree of fairness and coverage to all the UEs in the network.

The optimization results obtained within the scenario described in the previous section

are presented in Figure 4.15. Results show that in the proposed scenario, a baseline setup

consisting of [8× 8] arrays with λ/2 spacing in both directions performs significantly worse

than the optimized ones. The other two configurations represent the optimum obtained

over the collected dataset (Opt. Simulator, made of 1000 randomly sampled points in the

four-dimensional space described in Section 4.7.2) and the global optimum obtained using

our framework (Opt. Emulator). They both identified a 64×1 configuration (vertical ULA),

but with 0.825λ and 0.734λ as vertical and horizontal spacing, respectively. Results show a

∼ 3 dB improvement over the trivial baseline. Although in this case the results are really

close (both inputs and outputs), two facts are important. First, we discussed in Section 4.7.2

that significantly fewer than 1000 samples would have been enough, a far lower number than

required by a brute force optimization. Second, as more inputs are considered, the input

space will not be sampled enough to find a good setup, making the emulation even more

important.

Having computed 1000 samples while the optimization required more than 12000 function

evaluations, we obtain a speedup factor of 12× with respect to brute force evaluation. A

key advantage of our approach is the possibility of changing the objective functions of the

optimizer, which would be easily and quickly done with the emulator, without having to
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retrain it.

4.7.3.1 Remarks

An innovative framework has been presented that makes the joint optimization of multiple

parameters a reality, needing just a fraction of the time that is currently required when

directly employing a simulator. As simulators are generally computationally complex and

time-consuming, the key idea is to bypass them using a fast emulator, obtained through ML

techniques. After a long, initial database creation, any objective function can be optimized

in a matter of minutes or even seconds. The effectiveness of this methodology has been

proved using a network simulator. Network simulators require a long time to compute the

network metrics for specific antenna configurations, thus representing the perfect testbed for

our framework. Future works call, in the first place, for further studies on how to reduce

the number of required training samples and increase the accuracy of the emulators.
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Chapter 5
Stochastic Geometry Analysis

It is well known already that mmWave bands will play an important role in 5G wireless

systems. Together with simulations, the system performance can be also assessed by using

models from stochastic geometry that cater for the directivity in the desired signal trans-

missions as well as the interference, and by calculating the SINR coverage. Nonetheless,

the accuracy of the state of the art coverage expressions derived through stochastic geo-

metry may be questioned, as it is not clear whether they capture the impact of the detailed

mmWave channel and antenna features. Through several studies, we propose an SINR cover-

age analysis framework that includes realistic channel model and antenna element radiation

patterns [84,117,129,130].

We introduce and estimate two parameters, aligned gain and misaligned gain, associated

with the desired signal beam and the interfering signal beam, respectively. We provide the

distributions of the aligned and misaligned gains through curve fitting of system-simulation

results. The distributions of these gains are used to determine the distribution of the SINR

which is compared with the corresponding SINR coverage calculated via system-level simu-

lations.

Among the results, we show that both aligned and misaligned gains can be modeled

as exponential-logarithmically distributed random variables with the highest accuracy, and

can further be approximated as exponentially distributed random variables with reasonable

accuracy. These approximations are thus expected to be useful to evaluate the system per-

formance under Ultra-Reliable and Low-Latency Communication (URLLC), evolved Mobile

BroadBand (eMBB) scenarios and other 5G connectivity scenarios in the mmWave band.

5.1 mmWave and Stochastic Geometry

To enjoy this benefit in 5G cellular systems, the significant distance attenuation of the de-

sired mmWave signals needs to be compensated by means of sharpened transmit/receive
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(a) With the ISO element pattern [84]. (b) With the 3GPP element pattern [90].

Figure 5.1: An illustration of our mmWave network model (top) and the channel model of each
link with the transmitter/receiver antenna radiation model (bottom):
(a) With the Isotropic (ISO) element pattern, antenna gain parameters come from our previous
work [84]; (b) With the 3GPP element pattern, antenna gain parameters follow from the 3GPP
specifications [90]. For both element radiation patterns, channel parameters are obtained from a
measurement-based mmWave channel model provided by the NYU Wireless Group [21].

beams [57, 131]. The directionality of mmWave transmissions can induce intermittent yet

strong interference to the neighboring receivers. The sharpening of the directional beams re-

duces the probability of interference from the main lobe, while increasing the signal strength

within the main lobe. This has a significant impact on the statistics of the SINR across the

network.

In this work, we incorporate the experimental models for mmWave channels and antenna

radiations into the tools of stochastic geometry. This results in a sufficiently realistic frame-

work for system-level analysis of mmWave systems. Figure 5.1 illustrates the framework,

which can be seen as a semi-heuristic, as it bridges the gap between a very theoretical study

at a large scale (stochastic-geometric analysis), and practical measurements at a small scale.

The novelty of our work compared to the existing works on mmWave SINR coverage analysis

is summarized in the following.

5.1.1 Background and Related Works

The SINR coverage of a mmWave cellular network has been investigated in [35,91,132–137]

using stochastic geometry, a mathematical tool able to capture the random interference

behavior in a large-scale network. Compared to traditional cellular systems using sub-6 GHz

frequencies, the major technical difficulty of mmWave SINR coverage analysis comes from

incorporating their unique channel propagation and antenna radiation characteristics in a

tractable way, as detailed next.
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5.1.1.1 Channel gain model

mmWave signals are vulnerable to physical blockages, which can lead to significant distance

attenuation under NLoS channel conditions as opposed to under LoS conditions. This is in-

corporated in the mmWave path loss models by using different path loss exponents for LoS

and NLoS conditions. Besides this large-scale channel gain, there exists a small-scale fading

due to reflections and occlusions by human bodies. In order to capture this, while maxim-

izing the mathematical tractability, one can introduce an exponentially distributed gain as

done in [35, 135–137]. This implies assuming Rayleigh fading, which is not always realistic,

particularly when modeling the sparse scattering characteristics of mmWave signals [135].

At the cost of making analytical tractability more difficult, several works have detoured

this problem by considering generalized small-scale channel gains that follow a gamma dis-

tribution (i.e., Nakagami-m fading) [91, 132, 133] or a log-normal distribution [134]. Nev-

ertheless, such generic fading models have not been compared with real mmWave channel

measurements, and may therefore either overestimate or underestimate the actual channel

behaviors.

5.1.1.2 Antenna gain model

Both gNBs and UEs in 5G mmWave systems are envisaged to employ planar antenna ar-

rays that enable directional transmissions and receptions. A UPA comprises a set of patch

antenna elements placed in a two-dimensional plane. The radiation pattern of each single

antenna element is either isotropic or directional, which are hereafter denoted as ISO and

3GPP element patterns, respectively. By superimposing the radiation of all the antenna

elements, a planar antenna array is able to enhance its radiation in a target direction while

suppressing the radiation in other directions.

The 3GPP element pattern is incorporated in the antenna gain model provided by the

3GPP [90]. Compared to the ISO element pattern, the directional antenna elements in the

3GPP element pattern enable element-wise beam steering, thereby yielding higher main lobe

and lower side lobe gains, i.e., increased front-back ratio1, as visualized in Figure 5.1b. Such

benefit diminishes as the beam steering direction becomes closer to the plane of the antenna

array. In order to solve this problem, the 3GPP suggests to equip each gNB with 3-sectored

antenna arrays [90], thus restricting the beam steering angle to ±60◦.
The said radiation characteristics and antenna structure of the 3GPP element pattern

complicate the antenna gain analysis. For this reason, most of the existing approaches based

on stochastic geometry [35,84,91,133–138] still resort to the ISO element pattern. This un-

derestimates the front-back ratio of the actual cellular system, degrading the accuracy in

the mmWave SINR coverage analysis. Furthermore, the antenna gains are commonly ap-

1The front-back ratio is the difference expressed in decibels between the gain of the main lobe and the
second maximum gain. This ratio increases with the number of antenna elements [50,79].
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proximated by using two constants obtained from the maximum and the second maximum

lobe gains [35, 91, 133–137]. It is unclear whether such an approximation is still applicable

for the mmWave SINR coverage analysis with realistic radiation patterns. By approximat-

ing the original system model with a simplified one, whose performance is determined by a

mathematically convenient intensity measure, tractable yet accurate integral expressions for

computing area spectral efficiency and potential throughput are provided in [139]. The con-

sidered system model accounts for many practical aspects which are typically neglected, e.g.,

LoS and NLoS propagation, antenna radiation patterns, traffic load, practical cell associ-

ations, and general fading channels. However, a measurement-based channel characterization

is missing.

Recently, a few studies [140] and [141] incorporate the impact of directional antenna

elements on the stochastic geometric SINR coverage analysis, by approximating the element

radiation pattern as a cosine-shaped curve under a one-dimensional linear array structure.

Compared to these works, we consider two-dimensional planar arrays, and approximate the

combined array-and-channel gain as a single term, as detailed in the following subsection.

5.1.1.3 Aligned/misaligned gain model

In order to solve the aforementioned issue brought by inaccurate channel gains, one can use

measurement-based channel gain models, such as the models provided by the NYU Wireless

Group, which are operating at 28 GHz as described in [21, 23,142,143]. However, the NYU

channel gain model requires a large number of parameters, and is thus applicable only to

system-level simulators with high complexity, as done in our previous study [6].

In our works [84, 117], we simplified the NYU channel gain model via the following

procedure so as to allow stochastic geometric SINR coverage analysis.

(i) We separated the path loss gains from the small-scale fading, and treated them inde-

pendently in a stochastic geometric framework. The fading term can be considered as

representative of propagation effects when the user moves locally, and is independent

of the link distance.

(ii) For each downlink communication link, we combined the channel gain and the antenna

gain into an aggregate gain. The aggregate gain is defined for the desired communica-

tion link as aligned gain and for an interfering link as misaligned gain, respectively.

(iii) We applied a curve fitting method to derive the distributions of the aligned/misaligned

gains.

(iv) Finally, we derived the distribution of a reference user’s SINR, which is a function

of path loss gains and aligned/misaligned gains, by applying a stochastic geometric

technique to the path loss gains and then by exploiting the aligned/misaligned gain

distributions.
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The limitation of our work [84] is its use of the ISO element pattern in step (ii). This

results in excessive side lobe gains, particularly including backward propagation, which are

unrealistic. To fix this problem, in our study (i.e., work [117] here reported) we also apply

the 3GPP element pattern to the aforementioned aligned/misaligned gain model, thereby

yielding a tractable mmWave coverage expression that ensures high accuracy, comparable

to the results obtained from a system-level simulator. Moreover, instead of Signal to Inter-

ference Ratio (SIR) as considered in [84], we focus on the SINR evaluation by incorporating

also the impact of the noise power.

A recent work [138] is relevant to this study. While neglecting interference, it firstly

considers a simplified keyhole channel, and then introduces a correction factor. The ag-

gregate channel gain thereby approximates the channel gain under the mmWave channel

model provided by the 3GPP [90]. Compared to this, using the NYU channel model [21],

we additionally consider a realistic antenna radiation pattern provided by the 3GPP [90]. In

addition, we explicitly provide the SINR coverage probability expression using these realistic

channel and antenna models, as well as its simplified expression.

5.1.2 Contributions of the Analysis

The contributions of this research activity are summarized below.

• Accurate distributions of aligned and misaligned gains are provided (see Remarks

1-4), which reflect the NYU mmWave channel model [21] and the 3GPP mmWave

antenna radiation model [90].

• Considering the ISO element pattern, following from our preliminary study [84], the

aligned gain is shown to follow an exponential distribution, despite the scarce multipath

in mmWave channels (Remark 1). On the other hand, we show that the misaligned

gain can be approximated with a log-logistic distribution (Remark 3) having a heavier

tail than the exponential distribution, which can be lower and upper bounded by a

Burr distribution and a log-normal distribution, respectively.

• In contrast, for the 3GPP element pattern, we show that both aligned and misaligned

gains independently follow an exponential-logarithmic distribution (Remarks 2 and

4), which has a lighter tail compared to the exponential distribution.

• Applying these aligned and misaligned gain distributions, the downlink mmWave SINR

coverage probabilities with the ISO and 3GPP element patterns are derived using

stochastic geometry (Propositions 1 and 2, respectively).

In spite of the exponential-logarithmical distribution of the aligned/misaligned gains of

the 3GPP element pattern, it is still possible, in the SINR calculation, to approximate both

gains independently using exponential random variables with proper mean value adjustment
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(Remark 5 and Figure 5.12), yielding a further simplified (though slightly less accurate)

SINR coverage probability expression (Proposition 3). The feasibility of the exponential

approximation under the 3GPP element pattern comes from the identical tail behaviors

of both aligned/misaligned gains, that cancel each other out during the SINR calculation.

Following the same reasoning, this approach provides a similar approximation under the

ISO element pattern that leads to the different tail behaviors of both the aligned/misaligned

gains due to the low front-back ratio obtained with isotropic elements (see Figure 5.12 in

Section 5.5).

5.2 System Model

In this study, we consider a downlink mmWave cellular network where both gNBs and UEs

are independently and randomly distributed in a two-dimensional Euclidean plane. Each UE

associates with the gNB that provides the maximum average received power, i.e., minimum

path loss association. The UE density is assumed to be sufficiently large such that each gNB

has at least one associated UE. Multiple UEs can be associated with a single gNB, while the

gNB serves only a single UE per unit time slot according to a uniformly random scheduler,

as assumed in [84,135,137] under stochastic geometric settings.

Out of these serving users in the network, we hereafter focus on a reference user that is

located in the origin of the area considered, and is denoted as the typical UE. This typical

UE’s SINR is affected by the antenna array radiation patterns and channel gains, as described

in the following subsections.

5.2.1 Antenna Gain

Each antenna array at both gNB and UE sides contributes to the received signal power,

according to the radiation patterns of the antenna elements that comprise the antenna array.

The amount is affected also by the vertical angle θ, horizontal angle ϕ, and polarization slant

angle ζ, as described next.

For each antenna element in an antenna array, we consider two different radiation pat-

terns: isotropic radiation and the radiation provided by the 3GPP [92]. We recall from Sec-

tion 4.2.1 that the element radiation pattern A
(z)
E (θ, ϕ) (dB) for superscript z ∈ {ISO, 3GPP}

specifies how much power is radiated from each antenna element towards the direction (θ, ϕ).

The 3GPP element pattern is realized according to the specifications in [90,92] and [93].

We remind that, differently from the isotropic configuration, it implies the use of three

sectors, thus three arrays, placed as in traditional mobile networks2. The 3GPP AE of each

single antenna element is composed of horizontal and vertical radiation patterns and was

2We note that, even if three sectors are present in each gNB site, only a single sector is active and
transmitting in each time instant.
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(b) 64 elements array radiation gain.

Figure 5.2: Illustrations of the element radiation gains and the array radiation gains for the ISO
and 3GPP element patterns, with respect to the horizontal steering angle ϕ ∈ [−180◦, 180◦] while
the vertical steering angle θ is fixed at 90◦.

defined in previous Equation (4.3).

Then, we recall that the antenna array radiation pattern A
(z)
A (θ, ϕ) determines how much

power is radiated from an antenna array towards the steering direction (θ, ϕ) and was previ-

ously defined in (4.4). In Figure 5.2a we report a comparison of the two continuous element

radiation patterns (i.e., AE). The figure permits to understand the difference between the

ISO element pattern showing a fixed gain and the 3GPP element pattern providing 8 dBi

directivity. As a consequence of the element pattern used, we can see the respective shape of

the array radiation pattern (i.e., AA) in Figure 5.2b. The plot permits to see the reduction

of undesired side lobes and backward propagation when considering the 3GPP curve with

respect to the ISO element pattern. Furthermore, shape and position of the main and un-

desired lobes vary as a function of the steerable direction. Further definitions and accurate

examples for these concepts can be found in [50].

Finally, with the given antenna array pattern A
(z)
A (θ, ϕ), we can identify the antenna

gain for the channel computations which was previously defined as field pattern in Subsec-

tion 4.2.3. Moreover, for simplicity in this study we consider a purely vertically polarized

antenna, i.e., ζ = 0. Following [93], the vertical and horizontal field patterns are thereby

given as follows

F
(z)
θ (θ, ϕ) =

√︂
A

(z)
A (θ, ϕ) cos(ζ) =

√︂
A

(z)
A (θ, ϕ) = F (z) (5.1)

F
(z)
ϕ (θ, ϕ) =

√︂
A

(z)
A (θ, ϕ) sin(ζ) = 0 (5.2)
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5.2.2 Channel gain

Following the system-level simulator settings [21], we divide the channel gains into two parts:

(i) path loss that depends on the link distance; and (ii) the channel gain multiplicative

component. The latter gain is affected not only by the channel randomness but also by the

antenna array directions. The following channel gain computation aspects are independent

of the different radiation pattern considered, thus they are valid for both ISO and 3GPP.

The antenna array direction is determined by the gNB-UE association. To elaborate, for

each associated gNB-UE link, denoted as the desired link, their beam directions are aligned,

pointing their main-lobe centers towards each other. As a consequence, for all non-associated

gNB-UE links, denoted as interfering links, the beam directions can be misaligned. In order

to distinguish them in (ii), we define aligned gain and misaligned gain as the channel gain

for the desired link and for an interfering link, respectively. The definitions of path loss and

aligned/misaligned gains are specified in the following subsections.

5.2.2.1 Path loss

By definition, the set of gNB locations follows a Homogeneous Poisson Point Process (HPPP)

Φ with density λb. At the typical UE, the desired/interfering links can be in either LoS or

NLoS state. To be precise, from the perspective of the typical UE, the set Φ of all the gNBs

is partitioned into a set of LoS gNBs ΦL and a set of NLoS gNBs ΦN . According to the

minimum path loss association rule, the desired link can be either LoS or NLoS, specified

by using the subscript i ∈ {L,N}. Likewise, the LoS/NLoS state of each interfering link is

identified by using the subscript j ∈ {L,N}. Furthermore, we assume a sufficiently large

UE density such that at least one UE is associated with each gNB. Then, each gNB serves

only a single UE at a time.

For a given link distance r, the LoS and NLoS state probabilities are pL(r) = e−0.0149r and

pN (r) = 1− pL(r) [21,23]. Here, compared to the system-level simulator settings in [21,23],

we neglect the outage link state induced by severe distance attenuation. This assumption

does not incur a loss of generality for our SINR analysis, since the received signal powers

that correspond to outage are typically negligibly small.

When a connection link has distance r and is in state j ∈ {L,N}, transmitted signals

passing through this link experience the following path loss attenuation

ℓj(r) = βjr
−αj (5.3)

where αj indicates the path loss exponent and βj is the path loss gain at unit distance [21,

144].
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Table 5.1: List of notations and channel parameters considered in the NYU mmWave network
simulator [142].

Notation Meaning: Parameters

f Carrier frequency: 28 GHz
Φb gNB locations following a HPPP with density λb

pL(r) LoS state probability at distance r: pL = e−0.0149r

xo, x Serving and interfering gNBs or their coordinates
αj Path loss exponent, with j ∈ {L,N}: αL = 2, αN = 2.92
βj Path loss gain at unit distance: βL = 10−7.2, βN = 10−6.14

ℓj(r) Path loss at distance r in LoS/NLoS state
nTX, nRX # of antennas of a gNB and a UE

σ2 Normalized noise power
G

(z)
o , G

(z)
x Aligned and misaligned gains, with z ∈ {ISO, 3GPP}

f
(z)
Go
, f

(z)
Gx

Aligned and misaligned gain PDFs

K # of clusters ∼ max{Poiss(1.8), 1}
Lk # of subpaths in the k-th cluster ∼ DiscreteUni[1, 10]

ϕRX
kl , ϕTX

kl Angular spread of subpath l in cluster k [21]:
ϕ
(·)
k ∼ Uni[0, 2π], ∀k ̸= 1, ϕ

(·)
kl = ϕ

(·)
k + (−1)lskl/2

skl ∼ max{Exp(0.178), 0.0122},
gkl Small-scale fading gain: gkl =

√
Pkl exp(−j2πτklf)

τkl Delay spread induced by different subpath distances.
Pkl Power gain of subpath l in cluster k [23]:

Uk ∼ Uni[0, 1], Zk ∼ N (0, 42), Vkl ∼ Uni[0, 0.6],
Pkl = P ′

kl/
∑︁
P ′
kl, P

′
kl = U τkl−1

k 10−0.1Zk+Vkl/Lk, τkl = 2.8

5.2.2.2 Aligned and misaligned gains

In both ISO and 3GPP element patterns, for a given link, a random channel gain is determ-

ined by the NYU channel model that follows mmWave channel specific parameters [21, 23]

based on the WINNER II model [22]. These parameters are summarized in Table 5.1, and

discussed in the following subsections. In this model, each link comprises K clusters that

correspond to macro-level scattering paths. For cluster k ≤ K, there exist Lk subpaths, as

visualized in Figure 5.1. Moreover, the first cluster angle (i.e., ϕk, k = 1) exactly matches

the LoS direction between transmitter and receiver in the simulated link.

Given a set of clusters and subpaths, the channel matrix of each link is represented as

H(z) =
K∑︂
k=1

Lk∑︂
l=1

gklF
(z)
RX

(︁
ϕRX
kl

)︁
uRX

(︁
ϕRX
kl

)︁
F

(z)
TX

(︁
ϕTX
kl

)︁
u∗
TX

(︁
ϕTX
kl

)︁
(5.4)

where gkl is the small-scale fading gain of subpath l in cluster k, and uRX and uTX are

the 3D spatial signature vectors of the receiver and transmitter, respectively. Note that

u∗
TX stands for the complex conjugate of vector uTX. Moreover, ϕRX

kl is the angular spread
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of horizontal AoA and ϕTX
kl is the angular spread of horizontal AoD, both for subpath l in

cluster k [21]. Note that, for ease of computation, we consider a planar network and channel,

i.e., we neglect vertical signatures by setting their angles to 90◦ (i.e., π/2 radian). Finally,

F
(z)
TX and F

(z)
RX are the field factor terms of transmitter and receiver antennas, respectively

and they are computed as in (5.1) with z ∈ {ISO, 3GPP}.

We consider directional beamforming where the main lobe center of a gNB’s transmit

beam points at its associated UE (we recall that ϕ1 is the main lobe center angle as shown

in the channel illustration of Figure 5.1), while the main lobe center of a UE’s receive beam

aims at the serving gNB. We assume that both beams can be steered in any directions.

Therefore, considering the ISO element pattern, we can generate a beamforming vector for

any possible angle in [0, 360◦]. Instead, with the three-sectors consideration adopted in the

3GPP element pattern, the beamforming vectors for any possible angles are mapped within

one of the three sectors, thus using an angle in the interval [0, 120◦].

At the typical UE, the aligned gain G
(z)
o is its beamforming gain towards the serving

gNB at xo. With a slight abuse of notation for the subscript xo, G
(z)
o is represented as

G(z)
o = |wT

RXxo
H(z)

xo
wTXxo

|2 (5.5)

=

⃓⃓⃓⃓
⃓
K∑︂
k=1

Lk∑︂
l=1

gklF
(z)
RX

(︂
wT

RXxo
uRXxo

)︂
F

(z)
TX

(︂
u∗
TXxo

wTXxo

)︂⃓⃓⃓⃓⃓
2

(5.6)

where wTXxo
∈ CnTX is the transmitter beamforming vector and wT

RXxo
∈ CnRX is the trans-

posed receiver beamforming vector computed as in [50,79]. Their values contain information

about the main lobe steering direction and both are computed using the first cluster angle

ϕ1 as

wT
TX = [w1,1, w1,2, . . . , w√

nTX,
√
nTX

] (5.7)

where wp,r = exp (j2π [(p− 1)∆V Ψp/λ+ (r − 1)∆HΨr/λ]), for all p, r ∈ {1, . . . ,√nTX},
Ψp = cos (θs), and Ψr = sin (θs) sin (ϕ1). The terms ∆V and ∆H are the spacing distances

between the vertical and horizontal elements of the array, respectively. Then, angles θs and

ϕs are the steering angles and θs is kept fixed to 90◦. We assume all elements to be evenly

spaced on a two-dimensional plane, thus it equals ∆V = ∆H = λ/2. The same expression

can be used to compute the receiver beamforming vector wRX with the exception that its

dimension is nRX.

Similarly, the typical UE’s misaligned gain G
(z)
x is its beamforming gain with an inter-

fering gNB at x

G(z)
x = |wT

RXx
H(z)

x wTXx |2 (5.8)
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where wTXx and wRXx respectively are the transmitter and receiver beamforming vectors.

It is noted that both G
(z)
o and G

(z)
x incorporate the effects not only of the main lobes but

also of all the other side lobes. We highlight that even if both aligned and misaligned gain

definitions are valid for both the ISO and 3GPP configurations, the gains will have a different

distribution in the two radiation patterns.

5.2.3 SINR Definition

The typical UE is regarded as being located at the origin, which does not affect its SINR

behaviors thanks to Slivnyak’s theorem [145] under the HPPP modeling of the gNB loc-

ations. At the typical UE, let xo and all the x ∈ Φi respectively indicate the associated

and interfering gNBs as well as their coordinates. We note that the set Φi represents gNB

locations following a HPPP with density λi, i ∈ {L,N}.
Using equations (5.3), (5.6), and (5.8), we can represent SINRi as the received SINR at

the typical UE associated with xo ∈ Φi, i ∈ {L,N}, which is given by

SINRi =
G

(z)
o ℓi(r

i
xo
)∑︁

x∈ΦL/xo

G
(z)
x ℓL(rLx ) +

∑︁
x∈ΦN/xo

G
(z)
x ℓN (rNx ) + σ2

(5.9)

where the term rixo
denotes the association distance of the typical UE associating with xo ∈

Φi and along similar lines, rix denotes the association distance of a generic UE associating

with x ∈ Φi and i ∈ {L,N}. Knowing that the typical UE is located in the origin o, rx is

equals to ∥x∥. Here, we assume that each gNB transmits signals with the maximum power

PTX through the bandwidthW . In (5.9), SINRi is normalized by PTX. The term σ2 denotes

the normalized noise power σ2 that equals σ2 = WN0/PTX where N0 is the noise spectral

density per unit bandwidth.

5.3 Aligned and Misaligned Gain Distributions

Starting from the expressions derives in the previous section, it is practically infeasible to

further approximate aligned and misaligned gains using analytic methods, as analyzing each

of their subordinate terms is a major task in itself, as shown by related works. Therefore, in

this section we focus on the aligned gain G
(z)
o in (5.6) and the misaligned gain G

(z)
x in (5.8)

with ISO and 3GPP element patterns, and aim at deriving their distributions.

Following the definitions in Section 5.2.2, the aligned gain G
(z)
o is obtained for the desired

received signal when the angles of the beamforming vectors wTXxo
and wRXxo

are aligned

with the AoA and AoD of the spatial signatures uTXxo
and uRXxo

in the channel matrixH
(z)
xo .

The misaligned gain G
(z)
x is calculated for each interfering link with the beamforming vectors
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Figure 5.3: Fitting of the aligned gain G
(ISO)
o with the ISO element pattern. The empirical Prob-

ability Density Function (PDF) of G
(ISO)
o is obtained by the NYU mmWave network simulator [142],

and is fit with the exponential distribution in Remark 1 (nRX = 64, nTX = 256).

and spatial signatures that are not aligned.3 Figure 5.1 shows an example of misalignment

between the beam of the desired signal (yellow or green colored beam) and the interfering

gNBs beams (red-colored beams).

In the following subsections, using curve fitting with the system-level simulation, we

derive the distributions of the aligned gain G
(z)
o and the misaligned gain G

(z)
x .

5.3.1 Aligned Gain Distribution

Running a large number of independent runs of the NYU simulator we empirically evaluated

the distribution of the aligned gain G
(z)
o . From the obtained data samples we have noticed

that G
(z)
o is roughly exponentially distributed G

(ISO)
o ∼ Exp(µo) when an ISO element pattern

is used. Indeed, the signal’s real and imaginary parts are approximately independent and

identically distributed zero-mean Gaussian random variables. This exponential behavior

finds an explanation in the small-scale fading effect implemented in the channel model using

the power gain term Pkl computed as reported in Table 5.1. We report in Figure 5.3 an

example of the exponential fit of the simulated distribution. The fit has been obtained using

the curve fitting toolbox of MATLAB.

For the purpose of deriving an analytical expression, it is also interesting to evaluate

the behavior of µo as a function of the number of antenna elements at both receiver and

transmitter sides. For this reason, in our analysis we consider the term µo as a function

of the number of elements. We show in Figure 5.4 the trend of the parameter µo versus

the number of antenna elements at the transmitter side nTX and at the receiver side nRX.

3At the typical UE, the serving gNB’s beamforming is aligned with the typical UE, whereas the beamform-
ing vectors of interfering gNBs are determined by their own associated UEs that are uniformly distributed.
For this reason, each interfering gNB’s beamforming has a circularly uniform orientation. Consequently,
in (5.8), the angles of the beamforming vectors wTXx and wRXx as well as the angles of the spatial signatures

uTX and uRX are not aligned with the angles of G
(z)
o , which are independent and identically distributed

(i.i.d.) across different interfering gNBs.
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Figure 5.4: Fitting of the aligned gain distribution parameter µo with the ISO element pattern,
with respect to the number of antenna elements nTX and nRX.

Again, using the MATLAB curve fitting toolbox, we have obtained a two-dimensional power

fit where the value of µo can be obtained as in the following remark.

Remark 1 (Aligned Gain, ISO) At the typical UE, under the ISO antenna model, the

aligned gain G
(ISO)
o can be approximated by an exponential distribution with PDF

f
(ISO)
Go

(y;µo) = µoe
−µoy (5.10)

where µo =
0.814

(nTXnRX)0.927
.

This result provides a fast tool for future calculations. Indeed, the expression found for

the gain permits to avoid running a detailed simulation every time. We note that from a

mathematical point of view the surface of the term µo(nTX, nRX) is symmetric. In fact, the

gain does not depend individually on the number of antennas at the transmitter or receiver

sides, but rather on their product, so we can trade the complexity at the gNB for that at

the UE if needed.

By contrast, using the 3GPP element pattern, we have noticed that the data samples

of G
(3GPP)
o can no longer be approximated as an exponentially distributed random variable.

Instead, an exponential-logarithmic distribution provides the most accurate fitting result

with the simulated desired gain, validated by simulation as shown in Figure 5.5.

Remark 2 (Aligned Gain, 3GPP) At the typical UE, and adopting the 3GPP element

pattern, the aligned gain G
(3GPP)
o can be approximated by an exponential-logarithmic distri-

bution with PDF

f
(3GPP)
Go

(y; bo, po) =
1

− ln(po)

bo(1− poe−boy)

1− (1− po)e−boy
(5.11)

where the parameters bo and po are specified in Table 5.2.
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Figure 5.5: Fitting of the aligned gain G
(3GPP)
o with the 3GPP element pattern. The empirical PDF

of G
(3GPP)
o fits with the exponential-logarithmic distribution in Remark 2. It no longer fits with an

exponential distribution, as opposed to the ISO element pattern’s (nRX = 64, nTX = 256).

Table 5.2: Aligned gain’s exponential-logarithmic distribution parameters (bo, po) with the 3GPP
element pattern for different nTX and nRX. The table is symmetric, so we hereafter report only the
upper triangular part.

(bo, po)
nTX

4 16 64 256

nRX

4 (0.002, 0.112) (4e-4, 0.075) (0.0001, 0.0713) (7.84e-5, 0.15)
16 − (2e-4, 0.15) (8.24e-5, 0.511) (1.93e-5, 0.1223)
64 − − (1.84e-5, 0.15) (4.83e-6, 0.089)
256 − − − (1.96e-6, 0.1126)

Exponential-logarithmic distributions are often used in the field of reliability engineer-

ing, particularly for describing the lifetime of a device with a decreasing failure rate over

time [146]. Its tail is lighter than that of the exponential distribution, which is explained by

the 3GPP element pattern’s high directivity and side lobe attenuation that mostly yield a

higher aligned gain than the ISO element pattern’s aligned gain.

An exponential-logarithmic distribution is determined by using two parameters bo and

po, as opposed to the ISO element pattern’s exponential distribution with a single parameter

µo. Precisely, the distribution is given by a random variable that is the minimum of N inde-

pendent realizations from Exp(bo), while N is a realization from a logarithmic distribution

with parameter 1 − po. Due to its generation procedure, the relationship between the two

parameters and the number of antenna elements is not representable with a simple function

in a way to be generalized as done in Remark 1 for the ISO element pattern. In particu-

lar, due to the extreme characteristics of the gain, even a small variation in the well-fitted

parameters yields a significant change in the fitting accuracy. For this reason, obtaining a

good-fit of the parameters that can be generalized requires an exhaustive search, with an

extremely large number of combinations. Therefore, for 16 practically possible combinations

of nTX and nRX, the appropriate values of bo and po are provided in Table 5.2 by curve-fitting
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Figure 5.6: Fitting of the aligned gain G
(ISO)
x with the ISO element pattern. The empirical PDF

of G
(ISO)
x is obtained by the NYU mmWave network simulator [142], and is fit with the log-logistic

distribution in Remark 3 (nRX = 64, nTX = 256).

of the system-level simulation results.

5.3.2 Misaligned Gain Distribution

Following the same procedure as used for the aligned gain with the NYU simulator, we ex-

tract the distribution of the misaligned gain G
(z)
x under the ISO and 3GPP element patterns.

With the ISO element pattern, we found that the G
(ISO)
x PDF displayed in Figure 5.6 has

a steep decreasing slope in the vicinity of zero, while showing a heavier tail than the expo-

nential distribution. This implies that the occurrence of strong interference is not frequent

thanks to the sharpened main lobe beams, yet is still non-negligible due to the interference

from side lobes that include the backward propagation. We examined possible distributions

satisfying the aforementioned two characteristics, and conclude that a log-logistic distribu-

tion provides the most accurate fitting result with the simulated misaligned gain.

Remark 3 (Misaligned Gain, ISO) At the typical UE, and using ISO antenna elements,

the misaligned gain G
(ISO)
x can be approximated by a log-logistic distribution with PDF

f
(ISO)
Gx

(y; a, b) =

(︁
b
a

)︁ (︁y
a

)︁b−1(︂
1 +

(︁y
a

)︁b)︂2 (5.12)

where the values of a and b are provided in Table 5.3.

A log-logistic distribution is given by a random variable whose logarithm has a logistic

distribution. The shape is similar to a log-normal distribution, but has a heavier tail [147].

For a similar reason addressed after Remark 2, a log-logistic distribution is determined by two

parameters a and b, and their relationship with the number of antenna elements is difficult

to generalize. We instead report the appropriate values of a and b for 16 combinations of

nTX and nRX in Table 5.3.
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Table 5.3: Misaligned gain’s log-logistic distribution parameters (a, b) with the ISO element patterns
for different nTX and nRX.

(a, b)
nTX

4 16 64 256

nRX

4 (3.28, 0.877) (2.51, 0.743) (2.11, 0.722) (1.92, 0.709)
16 − (3.49, 0.656) (3.28, 0.612) (2.89, 0.589)
64 − − (2.55, 0.57) (1.98, 0.551)
256 − − − (1.45, 0.547)
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Figure 5.7: Fitting of the aligned gain G
(3GPP)
x with the 3GPP element pattern. The empirical

PDF of G
(3GPP)
x fits with the exponential-logarithmic distribution in Remark 4. It no longer fits with

a log-logistic distribution, as opposed to the ISO element pattern’s (nRX = 64, nTX = 256).

Next, with the 3GPP element pattern, we identified the G
(3GPP)
x PDF in Figure 5.7.

Using the simulated data samples we have performed a test on the decay of the tail in order

to understand if the behavior was heavy tailed. It turns out that the PDF of G
(3GPP)
x has

a lighter tail than the exponential distribution, which is far different from the heavy-tailed

G
(ISO)
x distribution. In this case, we found that the misaligned gain G

(3GPP)
x fits well an

exponential-logarithmic distribution, as also used for the aligned gain G
(3GPP)
o in Remark 2.

Remark 4 (Misaligned Gain, 3GPP) At the typical UE, and adopting the 3GPP element

pattern, the misaligned gain G
(3GPP)
x can be approximated by an exponential-logarithmic

distribution with PDF

f
(3GPP)
Gx

(y; bx, px) =
1

− ln(px)

bx(1− pxe−bxy)

1− (1− px)e−bxy
(5.13)

where the values of parameters bx and px are provided in Table 5.4.

Although both G
(3GPP)
o and G

(3GPP)
x can be described by using exponential-logarithmic

distributions, these two results come from different reasons, respectively. For G
(3GPP)
o , it

follows from the higher main lobe gains than under the ISO element pattern that yields the

exponentially distributed G
(ISO)
o . For G

(3GPP)
x , on the contrary, its light-tailed distribution

originates from attenuating side lobes, reducing the interfering probability. For these distinct

reasons, the distribution parameters (bo, po) for G
(3GPP)
o and (bx, px) for G

(3GPP)
x are different,
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Table 5.4: Misaligned gain’s exponential-logarithmic distribution parameters (bx, px) with the 3GPP
element patterns for different nTX and nRX.

(bx, px)
nTX

4 16 64 256

nRX

4 (4.428, 4.3e-5) (0.7967, 3.7e-5) (0.288, 6.8e-5) (1.2e-04, 1.5e-9)
16 − (0.2873, 6.5e-5) (0.024, 3.6e-5) (0.075, 7.4e-7)
64 − − (0.2316, 1.5e-4) (0.0133, 2.34e-5)
256 − − − (0.2406, 2.7e-4)

Table 5.5: Minimized RMSE for aligned and misaligned gains under different fitting distributions
(for the case when the fitted distribution shape was unable to match the data, we marked it as avoid).

Distribution Type
Minimized RMSE
Go Gx

Exponential 1.99e-6 7.46
Exponential-logarithmic 4.11e-7 0.51

Burr 4.26e-6 1.74
Log-logistic − 1.63
Log-normal − −
Log-Cauchy − 0.56

Gamma − 0.80
Weibull 4.27e-6 0.63
Rayleigh − −

Nakagami − 1.04
Lévi − 1.73

as shown in Table 5.2 and Table 5.4. Moreover, we note that in order to precisely fit both

the distributions for the 3GPP case, due to the particular behavior of both tail and slope

parts we have studied several well known distributions. We have evaluated the accuracy

by measuring the Root Mean Square Error (RMSE) and obtained Table 5.5. By evaluating

the RMSE, we have concluded that the exponential-logarithmic distribution was the most

accurate distribution, among the ones evaluated, for both G
(3GPP)
o and G

(3GPP)
x .

The fitting plots of both aligned and misaligned gains, respectively Figures 5.3–5.5 and

Figures 5.6–5.7, permit to see the approximation error which is introduced due to the fitting

procedure. However, we note that we are plotting the curves using a log-scale for the y-axis,

thus when the PDF becomes smaller even if the error gap looks bigger, the real error may

be smaller.

Note that G
(ISO)
x is often considered as a Nakagami-m or a log-normal distributed random

variable [91, 133, 134]. In Section 5.5, we will thus compare our proposed distributions for

G
(z)
x with them. For a fair comparison, for a Nakagami-m distribution with nTX = 256 and

nRX = 64, we will use its best-fit distribution parameters obtained by curve-fitting with the
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system-level simulation, which are given with the PDF as follows

f
(ISO)
Gx

(y;m, g) =
2mm

Γ(m)gm
y2m−1 exp

(︃
−m
g
y2
)︃
,

⎧⎨⎩m = 0.099

g = 50.53
(5.14)

With this PDF, we will observe in Section 5.5 that a Nakagami-m distribution underestimates

the tail behavior of G
(ISO)
x too much, thereby leading to a loose empirical upper bound for

the SINR coverage probability.

Likewise, for a log-normal distribution with nTX = 256 and nRX = 64, we will consider

the following PDF with the parameters

f
(ISO)
Gx

(y;σ, µ) = 1
yσ

√
2π

exp
(︂
− (log y−µ)2

2σ2

)︂
,

⎧⎨⎩σ = 2.962

µ = 0.908
(5.15)

Under the ISO element pattern, it will be shown in Section 5.5 that a log-normal distribution

is a better fit than a Nakagami-m distribution, yet it still underestimates the interference,

yielding an empirical upper bound to the SINR coverage probability.

As an auxiliary result, we will also provide the result with a Burr distribution [148].

This overestimates the tail behavior of G
(ISO)
x , leading to the empirical lower bound of the

SINR coverage probability. For this, we will consider the following PDF under nTX = 256

and nRX = 64

f
(ISO)
Gx

(y; c, k) = ckyc−1

(1+yc)k+1 ,

⎧⎨⎩c = 0.692

k = 0.518
(5.16)

5.4 mmWave SINR Coverage Probability

In this section, we aim at deriving the closed-form expression of the SINR coverage prob-

ability CSINR(T ), defined as the probability that the typical UE’s SINR is no smaller than

a target SINR threshold T > 0, i.e., CSINR(T ) := Pr(SINR ≥ T ). In the first subsection,

utilizing the aligned/misaligned gains provided in Section 5.3, we derive the exact SINR

coverage expressions under ISO and 3GPP element patterns. In the following subsection,

applying a first-moment approximation to aligned/misaligned gains, we further simplify the

SINR coverage expressions.

110



5.4. MMWAVE SINR COVERAGE PROBABILITY

5.4.1 SINR Coverage

Let rixo
denote the association distance of the typical UE associating with xo ∈ Φi. By using

the law of total probability, CSINR at the typical UE can be represented as

CSINR(T ) = Pr
(︁
SINR ≥ T, xo ∈ ΦL⏞ ⏟⏟ ⏞

SINRL≥T

)︁
+ Pr

(︁
SINR ≥ T, xo ∈ ΦN⏞ ⏟⏟ ⏞

SINRN≥T

)︁
(5.17)

= ErLx0

[︁
Pr
(︁
SINRL ≥ T |rLxo

)︁]︁
+ErNxo

[︁
Pr
(︁
SINRN ≥ T |rNxo

)︁]︁
(5.18)

In (5.18), two expectations are taken over the typical UE’s association distance rixo
. The

PDF of rixo
is given by [35] as

frixo
(r) : = f|xo|,i(r, xo ∈ Φi) (5.19)

= 2πλi(r)r exp

⎛⎝−2πλb
⎡⎣∫︂ r

0
vpi(v)dv +

∫︂ (rαiβi′/βi)
1

αi′

0
vpi′(v)dv

⎤⎦⎞⎠ (5.20)

where λi(r) = λbpi(r), and i
′ indicates the opposite LoS/NLoS state with respect to i.

For the ISO element pattern, the typical UE’s SINR coverage probability CSINR(T ) in

(5.18) is then derived by exploiting frixo
(r) while applying Campbell’s theorem [145] and the

G
(ISO)
o distribution in Remark 1.

Proposition 1 (Coverage, ISO) At the typical UE, and considering arrays with ISO radi-

ation elements, the SINR coverage probability CSINR(T ) for a target SINR threshold T > 0

is given as

CSINR(T ) =
∑︂

i∈{L,N}

∫︂ ∞

0
fr

xio
(r) exp

(︃
−µoTrαiσ2

βi

)︃
LILi

(︃
µoT

ℓi(r)

)︃
LINi

(︃
µoT

ℓi(r)

)︃
dr (5.21)

where L
Iji
(r) is the Laplace transform of the interference from gNBs ∈ ϕj , for j ∈ {L, N},

to the typical UE and is given in (5.22) with z = ISO at the bottom of this page.

Sketch of the Proof: Starting from the SINR joint probability in (5.18) and applying the

SINR definition we obtain an expression which depends on the Complementary Cumulative

Distribution Function (CCDF) F
(ISO)
Go

(y;µo). Then, applying Remark 1, which provides a

channel gain expression with specific distribution, together with Slyvnyak’s theorem and the

L
Iji
(r) = exp

⎛⎝−2πλb ∫︂ ∞

0

⎛⎝∫︂ ∞(︃
βjr

αi

βi

)︃ 1
αj

[︃
1− exp

(︃
−ℓ

j(v)µoTg

ℓi(r)

)︃]︃
vpj(v)dv

⎞⎠ f
(z)
Gx

(g)dg

⎞⎠
(5.22)
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mutual independence of PPPs ΦL
i and ΦN

i we obtain the final coverage expression. The

detailed proof is provided in Appendix A.1. ■

Note that 1/µo is the mean aligned gain in Remark 1. The misaligned gain PDF f
(ISO)
Gx

(y)

and its corresponding parameters are provided in Remarks 3 and 4 as well as in Table 5.3.

As opposed to the standard method where the exponential random variables can be found

in both desired and interfering links, the misalignment gain in our interfering link follows a

log-logistic distribution. This does not allow to further expand the expression as done in the

standard method, yet the expression can easily be calculated numerically as done in [141],

which is far simpler than the system-level simulation complexity. Then, the term pi is the

LoS/NLoS channel state probability defined in Section 5.2.2.

For the 3GPP element pattern, following the same procedure and G
(3GPP)
o distribution

in Remark 2, we obtain CSINR(T ) as shown in the following proposition.

Proposition 2 (Coverage, 3GPP) At the typical UE, and considering arrays with 3GPP

radiation elements, the SINR coverage probability CSINR(T ) for a target SINR threshold

T > 0 is upper bounded as

CSINR(T ) ≤
∑︂

i∈{L,N}

∫︂ ∞

0

fr
xio

(r)

ln (po)
ln

(︄
1− (1− po) exp

(︃
−boTrαiσ2

βi

)︃

LILi

(︃
boT

ℓi(r)

)︃
LINi

(︃
boT

ℓi(r)

)︃)︄
dr

(5.23)

where the Laplace transform L
Iji
(r) for j ∈ {L,N} is given as before in (5.22) with z = 3GPP.

Sketch of the Proof: The first step of the demonstration is equivalent to the one in Proposition

1 with the only difference that G
(3GPP)
o follows an exponential-logarithmic distribution with

the CCDF F (y; bo, po) = ln
(︁
1− (1− po) e−boy

)︁
/ln po. Then, differently from the previous

proposition, Jensen’s inequality is used to obtain an upper bound of the SINR coverage

probability. The remainder of the proof follows the Proof of Proposition 1. For completeness,

the detailed derivation is provided in Appendix A.2. ■

It is worth noting that the Laplace transform expression in (5.22) is used for both ISO

and 3GPP element patterns, i.e., in Propositions 1 and 2. Here, the element pattern is

differentiated only by the distribution of the misaligned gain f
(z)
Gx

(g) contained therein. For

different element patterns and their fitting results, we can thus change f
(z)
Gx

(g) accordingly

while keeping the rest of the terms, thereby allowing us to quickly compare the resulting

SINRs. This is an advantage of the analysis, that avoids redundant calculations. Similarly,

we can substitute the distribution of f
(ISO)
Gx

(g) from log-logistic to Burr or log-normal (equa-

tions (5.16) and (5.15), respectively) to obtain a lower or upper bound of the SINR coverage

probability assuming ISO antenna elements.
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5.4.2 Simplified SINR Coverage

In this subsection, our goal is to further simplify the SINR coverage probability expressions in

Propositions 1 and 2. To this end, we revisit a channel-antenna gain approximation approach

that is commonly used with stochastic geometric analysis, as done in [35,91,133–137]. This

approach relies on approximating the channel gain based on its first-moment value, and may

therefore be less accurate compared to the simulated result.

Nevertheless, with a slight refinement, we conjecture that such a simple approach can still

provide a tight approximation, also for the 3GPP element pattern. In fact, the only major

difference, with respect to the ISO case is the presence of a high front-back ratio, which in

turn is due to the directivity gain considered. With this purpose in mind, we elaborate the

approximation procedures of the channel and antenna gains as follows. For the channel gain,

instead of directly using the realistic channel model, we consider a first-order approximated

Rayleigh fading channel with the mean value that is identically set as that of the realistic

channel model. For the antenna gain, as illustrated in Figure 5.2b, we approximate the

continuous array gain using only two constants, i.e., main lobe gain M
(z)
s and side lobe gain

m
(z)
s . The mean aligned gain Υ

(z)
o and the mean misaligned gain Υ

(z)
x are determined by

these two antenna gain constants that are specified by the ISO and 3GPP element patterns,

as detailed in the following remark.

Remark 5 (Simplified Aligned/Misaligned Gains) For a given antenna array radiation pat-

tern z ∈ {ISO, 3GPP}, we consider the following channel and array radiation approximations.

• Rayleigh fading channel gain – Both the aligned gain G
(z)
o and the misaligned gain

G
(z)
x at the typical UE independently follow an exponential distribution, i.e.,

G(z)
o ∼ Exp(1/Υ(z)

o ) and G(z)
x ∼ Exp(1/Υ(z)

x ) (5.24)

• Piece-wise constant array gain – The average channel gains Υ
(z)
o and Υ

(z)
x , taken

from [91], are given as

Υ(z)
o = M

(z)
TXM

(z)
RX and (5.25)

Υ(z)
x =

⎧⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎩

M
(z)
TXM

(z)
RX w.p. φTX

2π
φRX
2π

M
(z)
TXm

(z)
RX w.p. φTX

2π (1− φRX
2π )

m
(z)
TXM

(z)
RX w.p. (1− φTX

2π )φRX
2π

m
(z)
TXm

(z)
RX w.p. (1− φTX

2π )(1− φRX
2π )

(5.26)
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where the main lobe gain M
(z)
s and the side lobe gain m

(z)
s are set as

M (ISO)
s = ns (5.27)

M (3GPP)
s = 100.8ns (5.28)

m(z)
s = 1/sin2

(︃
3π

2
√
ns

)︃
(5.29)

and ns with s ∈ {TX,RX} denotes the number of the transmit/receive antenna ele-

ments.

With the ISO element pattern, it is noted that the said simplified model becomes identical

to the model considered in [35]. In this case, the side lobe gain m
(z)
s in (5.29) is obtained

from the array’s 3 dB beamwidth4 that equals
√︁
3/ns.

With the 3GPP element pattern, by constrast, the main lobe gain in (5.28) is 100.8 ≈ 6.31

times higher than in the ISO radiation case, due to its maximum 8 dBi directivity gain at

each antenna element as discussed in Sections 4.2.1 and 5.2.1. The side lobe gain in (5.29)

is computed in the same manner for both ISO and 3GPP element patterns, yet has the

different physical meanings for each case as detailed next.

Following [35], the side lobe gain in (5.29) with the ISO element pattern corresponds

to the second maximum lobe gain, as shown in Figure 5.8. On the contrary, (5.29) with

the 3GPP element pattern is mostly below the second maximum lobe gain. This implicitly

captures the 3GPP element pattern’s side lobe reduction as shown in Figure 5.8.

Unlike the ISO element pattern, it is noted that (5.29) with the 3GPP element pattern

approximates the third maximum lobe gain on average, but is not always identical to the

third maximum value. In fact, due to the element-wise beam steering, the antenna gain

under the 3GPP element pattern is not symmetrical about the steering angle, so each lobe’s

gain can only be ordered for a given steering angle, as further explained in [50].

Finally, utilizing the aligned and misaligned gains in Remark 5, we obtain the simplified

SINR coverage probability.

Proposition 3 (Simplified Coverage) Using the simplified aligned and misaligned gains in

Remark 5, the simplified SINR coverage probability ĈSINR(T ) at the typical UE with a

target SINR threshold T > 0 is given by

ĈSINR(T ) =
∑︂

i∈{L,N}

∫︂ ∞

0
fr

xio
(r) exp

(︄
− Trαiσ2

βiM
(z)
TXM

(z)
RX

)︄

× L̂ILi

(︄
T (ℓi(r))−1

M
(z)
TXM

(z)
RX

)︄
L̂INi

(︄
T (ℓi(r))−1

M
(z)
TXM

(z)
RX

)︄
dr

(5.30)

4Note that the previously defined θ3dB and ϕ3dB parameters were determined by the 3 dB beamwidth of
the element radiation pattern, whereas φs is given by the 3 dB beamwidth of the array radiation pattern.
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Figure 5.8: Comparison between the array radiation gains with the ISO and 3GPP element patterns
and their piece-wise constant approximated gains given in Remark 5, with respect to the horizontal
steering angle ϕ ∈ [−180◦, 180◦] while the vertical steering angle θ is fixed at 90◦.

where L̂
Iji
(t) is given in (5.31).

Proof: See Theorem 1 in [35]. ■

In the next section, we will validate that this simplified SINR coverage expression becomes

accurate for the 3GPP element pattern, as conjectured at the beginning of this subsection.

L̂
Iji
(s) = exp

(︄
− 2πλb

∫︂ ∞(︂
βj
βi

rαi

)︂ 1
αj

[︄
φTXφRX

4π2
F
(︂
M

(z)
TXM

(z)
RX

)︂
+
φTX

2π

(︂
1− φRX

2π

)︂
F
(︂
M

(z)
TXm

(z)
RX

)︂
+
(︂
1− φTX

2π

)︂ φRX

2π
F
(︂
m

(z)
TXM

(z)
RX

)︂
+
(︂
1− φTX

2π

)︂(︂
1− φRX

2π

)︂
F
(︂
m

(z)
TXm

(z)
RX

)︂]︄
vpj(v)dv

)︄
(5.31)

where F (x) = sxv−αiβi/(1 + sxv−αiβi).
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Table 5.6: List of the channel-antenna configurations considered in Section 5.5.

Configuration Channel Element radiation Array radiation

Model 1 [84] NYU [21] ISO continuous main/side lobes

Model 2 NYU [21] 3GPP [90] continuous main/side lobes with smaller side lobe radiations

Model 3 [35] Rayleigh − piece-wise constant main/side lobes (M(ISO) or m(ISO))

Model 4 Rayleigh − piece-wise constant main/side lobes (M(3GPP) or m(3GPP))
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Figure 5.9: SINR coverage probability with the ISO element pattern under Model 1 for different
misaligned gain fitting distributions: (i) the log-logistic distribution in Remark 3, (ii) the Nakagami-
m distribution in (5.14), (iii) the log-normal distribution in (5.15), and (iv) the Burr distribution
in (5.16). The aligned gain is fitted with the exponential distribution in Remark 1, and {nTX, nRX} =
{256, 64}.

5.5 Comparisons of Coverage Evaluation in Cellular Scen-

arios

5.5.1 Numerical Results

In this section, by using the NYU mmWave network simulator [142], we validate our ana-

lytical mmWave SINR coverage expressions with the ISO element pattern in Proposition 1

and the expression with the 3GPP element pattern in Proposition 2, as well as their sim-

plified SINR coverage expressions proposed in Proposition 3. For easier comparison, the

channel-antenna configurations considered in this section are categorized as four models as

summarized in Table 5.6. The antenna configurations are illustrated in Figure 5.8, and

the channel configurations are detailed in Section 5.2.2 and Remark 5. Other simulation

parameters are: carrier frequency f = 28 GHz, bandwidth W = 500 MHz, gNB density

λb = 100 gNBs/km2 and transmission power PTX = 30 dBm.
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Figure 5.10: SINR coverage probability with the ISO element pattern under Model 1. The aligned
gain is fit with the exponential distribution in Remark 1, and the misaligned gain is fitted with the
log-logistic distribution in Remark 3, for {nTX, nRX} = {64, 16} and {256, 64}.

Figures 5.9 and 5.10 show the SINR coverage probability with the ISO element pattern

under Model 1. In Figure 5.9, the coverage probability obtained from the NYU network sim-

ulator fits well our proposed coverage expression in Proposition 1 that utilizes the aligned

gain’s exponential distribution in Remark 1 and the misaligned gain’s log-logistic distribu-

tion in Remark 3. The proposed SINR coverage probability expression is also compared

to the SINR coverage probabilities with the misaligned gain’s Nakagami-m and log-normal

distributions that are commonly used in stochastic geometric mmWave SINR coverage ana-

lysis [91, 133, 134]. It shows that both Nakagami-m and log-normal distributions given re-

spectively in (5.14) and (5.15) underestimate the interference tail behaviors, therefore yield-

ing empirical upper bounds for the SINR coverage probability. Another misaligned gain’s

Burr distribution given in (5.16) by contrast yields an empirical lower bound for the SINR

coverage probability. All these bounds are too loose to approximate the simulated SINR cov-

erage probability, emphasizing our appropriate choice of the misaligned gain’s log-logistic

distribution.

Figure 5.10, by comparing the curves with the antenna element configuration {nTX, nRX} =
{64, 16} and the curves with {nTX, nRX} = {256, 64}, shows that the increase in the num-

ber of antenna elements not only yields a higher SINR but also makes the SINR coverage

probability expression in Proposition 1 more accurate. The latter is because the front-back

ratio increases with the number of antenna elements [50, 79]. Following a similar reasoning

as discussed after Remarks 2 and 4, this reduces the impact of the high-order statistics on

the alignment and misaligned gains, and thereby Proposition 1 becomes more accurate.

Next, Figure 5.11 illustrates the SINR coverage probability with the 3GPP element pat-

tern under Model 2. We observe that the simulated coverage probability fits well with our
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Figure 5.11: SINR coverage probability with the 3GPP element pattern under Model 2. The
aligned and misaligned gains are fit independently with the exponential-logarithmic distributions in
Remarks 2 and 4, respectively, for {nTX, nRX} = {64, 16} and {256, 64}.

proposed coverage expression in Proposition 1 that utilizes the exponential-logarithmic dis-

tributions of aligned and misaligned gains in Remarks 2 and 4, respectively. As seen by

comparing Figure 5.11 to Figure 5.10, the SINR coverage probability with the 3GPP ele-

ment pattern is higher than the coverage probability with the ISO element pattern. This is

because of the 3GPP element pattern’s higher front-back ratio that provides higher directiv-

ity, thereby increasing the aligned gain. It also provides lower interference that decreases the

misaligned gain, consequently yielding a higher SINR. These results highlight the presence

of different performance trends as the network’s density increases. This means that it is

possible to accurately identify an optimal deployment density of the gNBs. We have further

studied this aspect in [50].

Finally, Figure 5.12 illustrates the simplified SINR coverage probability expressions

provided in Proposition 3 under Models 3 and 4 that are specified in Remark 5. As conjec-

tured at the beginning of Section 5.4.2, the simplified SINR coverage probability expressions

become more accurate approximations for the 3GPP element pattern than for the ISO ele-

ment pattern. Precisely, the maximum difference between the simulated and the analytic

SINR coverage probabilities are obtained as 7.7% with the 3GPP element pattern and as

9.5% with the ISO element pattern in Figure 5.12b. This originates from both aligned and

misaligned gains’ identical tail behaviors that follow an exponential-logarithmic distribu-

tion. These high-order behaviors are thus canceled out during the SINR calculation, and

the first-order statistics thereby becomes dominant, from which the first-moment approx-

imation used in the simplified SINR coverage expressions benefit. On the contrary, with

ISO element pattern, the aligned gain and misaligned gains have different tail behaviors as
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Figure 5.12: Comparison between the SINR coverage probability expressions under Models 1 and
2 and their simplified expressions under Models 3 and 4. The simulated curves are obtained only
under Models 1 and 2 without simplifying the channel-antenna configurations.

provided in Remarks 1 and 3, and the corresponding simplified SINR coverage probability

expression therefore becomes less accurate.

Moreover, the figure describes the benefit of the non-simplified SINR coverage probability

expressions provided in Propositions 1 and 2 respectively under Models 1 and 2. In contrast

to the simplified expressions that are plausible only with the 3GPP element pattern, the

non-simplified SINR coverage probability expressions well approximate the simulated SINR

coverage probabilities with both 3GPP and ISO element patterns, so long as the number

of antenna elements is sufficiently large, as seen by comparing Figures 5.12a and 5.12b. In

addition, with a slight increase in complexity, these non-simplified SINR coverage probabil-

ity expressions are more accurate than the simplified expressions, and so are appropriate for

investigating ultra-reliable scenarios as considered in [129, 149–151], which prefer to max-

imize accuracy rather than improving analytical tractability. It is also noted again that

the simplified aligned and misaligned gains in Remark 5 are only applicable for the SINR

calculation. Thus, the non-simplified aligned and misaligned gains in Remarks 1-4 are still

useful, for instance when deriving the mmWave interference distribution [4] or calculating

the mmWave SNR under a noise-limited regime [4,95].

5.5.2 Final Remarks and Open Challenges

In this study we have highlighted the impact of realistic mmWave channel behaviors and

element patterns on the downlink SINR coverage probability in a large-scale mmWave net-

work, via the NYU mmWave simulator [142] under the 3GPP element pattern model [92].

By introducing the aligned and misaligned gains, we have provided an analytical model
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that captures such realistic channel-antenna gain characteristics, thereby deriving the SINR

coverage probability expressions.

Especially for the 3GPP element pattern, arguably the most practical antenna config-

uration, we proposed a further simplified SINR coverage probability expression. This relies

only on the exponentially distributed aligned and misaligned gains, which are known to be

the simplest random variables for deriving the SINR coverage probability expressions.

With a slight increase in complexity, we have also provided non-simplified SINR coverage

probability expressions as well as the corresponding aligned and misaligned gain distribu-

tions. These analytic expressions are versatile, and thus are expected to be exploited in

more generic scenarios that particularly necessitate a higher accuracy, which could be an

interesting topic for further research. Furthermore, with the proposed analytic framework,

an extension of this work could be to investigate other mmWave network settings such as dif-

ferent carrier frequencies, channel/antenna models, and an uplink scenario. Besides, beyond

the specific examples treated in the research activity, our proposed methodology approach

can be applied to study other cases.

5.6 Coverage Evaluation in Vehicular Scenario

In addition to the cellular coverage evaluation, we develop a tractable framework based

on stochastic geometry to evaluate both the coverage and the connectivity performance

of an automotive node in a dynamic mmWave vehicular environment, based on a real-

istic measurement-based distance-dependent path loss model. In particular, this is the first

contribution in which an analytical expression for the beam alignment probability and con-

nection stability (i.e., the probability that the vehicle does not disconnect from its serving

infrastructure over time) is evaluated considering a dynamic scenario.

With this studied framework we are able to show that an optimal value of throughput can

be associated with a threshold for the density of base stations, above which the deployment

of more gNBs results in a considerable increase of the system complexity while actually

leading to worse communication performance.

5.6.1 Vehicular Scenario

5.6.1.1 Path Loss Models

The path loss characterization follows either the model presented in [152] (if a rural envir-

onment is considered) or that in [21] (if an urban scenario is considered). Since vehicles in

the obstacle lane or urban buildings can block the link connecting the test VN to its serving

gNB, it is necessary to distinguish between LoS and NLoS gNBs, respectively denoted with

subscripts L and N throughout the end of the chapter. Moreover, for analytical tractability,
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Figure 5.13: Illustration of the considered highway system model, composed of Nl = 4 lanes of
width w, with one car lane and one obstacle lane in each traffic direction. The target Vehicular
Node (VN) is placed at the center of the scenario, while LoS (NLoS) gNBs follow a PPP ΦL (ΦN )
of density λL (λN ).

in this work we neglect the outage condition induced by severe attenuation and incorporated

in [21].

• Rural path loss model. When considering a rural highway scenario, gNB n is assumed

to be in LoS (with probability p
(R)
n,L) if the ideal segment connecting the target VN and

gNB n does not intersect with any of the segments of length τo describing the footprint

of the vehicles in the obstacle lane. According to [152], this probability is independent

of the distance from gNB n to O and can be approximated as p
(R)
L ≃ e−λoτo , for any

n. Accordingly, a gNB will be in NLoS with probability p
(R)
N = 1− p(R)

L .

• Distance-dependent urban path loss model. When considering an urban highway scen-

ario, gNB n is assumed to be in LoS (with probability p
(U)
n,L(r)) if the ideal segment

connecting the test VN and gNB n (at distance r) does not intersect any building.

According to [21], p
(U)
n,L(r) is independent among different links and is a non-increasing

function of r: the longer the link, the more likely to intersect one or more blockages.

When obstacles are modeled as random shapes, it follows that p
(U)
L (r) = e−aLOSr,

where the parameter aLOS = 0.0149 m−1 is derived from the measurement campaign

conducted in [21]. Again, a gNB is in NLoS with probability p
(U)
N (r) = 1− p(U)

L (r).

By the thinning theorem of PPP [153], the PPPs of the LoS gNBs ΦL ⊆ Φb and the NLoS

gNBs ΦN ⊆ Φb are independent and have density λ
(s)
L = p

(s)
L λb and λ

(s)
N = p

(s)
N λb, respectively,

with s ∈ {R,U}. Therefore, the path loss component ℓi(r) affecting the propagation of the

test VN, at distance r from a gNB ∈ Φi, for i ∈ {L,N}, is defined as

ℓi(r) = Cir
−αi (5.32)
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where αi is the path loss exponent and Ci is the path loss gain at unit distance.

5.6.1.2 Antenna Model and Beam Tracking

As mentioned, isotropic transmission at mmWave frequencies incurs severe path loss. To

overcome this problem, antenna arrays are typically deployed at both the gNBs and the

VNs, to perform directional beamforming and benefit from the resulting antenna gain [154].

For the tractability of the analysis, following the model proposed in prior literature work

(e.g., [91, 155]), the actual antenna array patterns are approximated by a sectored antenna

model. We therefore assume that gNBs are equipped with a UPA of [Nb ×Mb] elements,

allowing to steer beams consisting of a main lobe with beamwidth ψ and a side lobe that

covers the remainder of the antenna radiation pattern. Similarly, VNs are equipped with

a UPA of [NVN ×MVN] elements, allowing to steer beams consisting of a main lobe with

beamwidth ϕ and a side lobe that covers the remainder of the antenna radiation pattern.

Moreover, we let Gbn and gbn be the main lobe directivity gain (assumed constant for

all angles in the main lobe) and the side lobe gain of the n-th gNB antenna, respectively.

Similarly, we let GVN and gVN be the main and side lobe gains of the VN antenna. Then, we

define ∆1 = Gb ·GVN as the overall antenna gain in case of perfect beam alignment between

the test VN and its serving base station (i.e., gNB).

Also, the beam direction of an interfering link is modeled as a uniform random variable

in [0, 2π]. Therefore, the effective interference antenna gain between an interfering gNB j

and the test VN is a discrete random variable ∆Ij described as

∆Ij =

⎧⎨⎩Gbj ·GVN, with probability θb/π

gbj · gVN, with probability 1− (θb/π)
(5.33)

where θb is defined as the half beamwidth of the aggregate antenna radiation pattern.

As far as beam tracking is concerned, according to the procedure described in [156,157],

we assume that measurement reports are periodically exchanged among the nodes so that,

at the beginning of every slot of duration TS , VNs and gNBs identify the optimal directions

for their respective beams. Such configuration is kept fixed for the whole slot duration,

during which nodes may lose their alignment due to mobility. If connectivity is lost during

a slot, it can only be recovered at the beginning of the subsequent slot, when the beam

tracking procedure is performed again [154]. We also assume that, if the VN connects to

gNB n, at the beginning of the slot the main lobes of the gNB’s and VN’s transmit beams

are perfectly aligned [84]. This guarantees that, at every slot, the maximum gain ∆1 is

experienced between the VN and its serving gNB.
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5.6.1.3 Channel Model

Available measurements at mmWaves in the Vehicle-to-Everything (V2X) or Vehicle-to-

Vehicle (V2V) context are very limited, and realistic scenarios are indeed hard to simulate.

In fact, the reflectivity and scattering from common objects and the poor diffraction and

penetration capabilities of mmWaves are the main factors preventing the reuse of existing

lower frequency channel models for an automotive mmWave scenario. Moreover, current

models for mmWave cellular systems (e.g., [21]) present many limitations for their applic-

ability to a V2X context, due to the more challenging propagation characteristics of highly

mobile VNs [154]. It is thus necessary to make some assumptions related to the signal

propagation.

The channel between the test VN and its serving gNB is described as a Rayleigh channel

model5 with mean µ, i.e., |h1|2 ∼ Exp(1/µ) [54]. Similarly, to capture the effect of the

interference on the communication performance, the channels between the interfering gNBs

and the test VN are modeled as i.i.d. exponential random variables with mean µ [152].

We define the SINR measured between the test VN, attached to a gNB ∈ Φi, for i ∈
{L, N}, at distance r1, as

SINRi =
|h1|2∆1ℓi(r1)

(IL + IN ) + σ2
=

|h1|2∆1ℓi(r1)(︄ ∑︁
k∈ΦL

|hk|2∆IkℓL(rk) +
∑︁

k∈ΦN

|hk|2∆IkℓN (rk)

)︄
+ σ2

(5.34)

where |hn|2 and ∆n are the small scale fading components and the overall antenna gains

measured between gNB n and the test VN (at distance rn), respectively, while ℓi(rn) is the

path loss component affecting the propagation between gNB n ∈ Φi and the VN. IL and

IN represent the interference produced to the test VN by gNBs in ΦL and ΦN , respectively.

Finally, σ2 represents the thermal noise power, normalized with respect to the transmission

power PTX, which is assumed equal for all nodes.

5.6.2 Coverage and Connectivity Analysis

In this section, we analyze the coverage and the connectivity of a moving VN in the proposed

scenario. The purpose is to exemplify some of the complex and interesting tradeoffs that

are to be considered when designing solutions for mmWave automotive scenarios. First, we

present the association rule for the VN and derive the expression of the PDF of the distance

r between the VN and its serving gNB (LoS or NLoS). Second, we derive the expressions for

the SINR coverage probability and the probability that the moving VN stays in the com-

5It has been observed in previous works (e.g., [35, 135]) that considering a general fading model such as
Nakagami-m may not provide significant design insights and performance improvements compared to Rayleigh
fading, while complicating the analysis significantly. Therefore, as a first step, in this study we consider only
Rayleigh fading, and leave extensions to more general channel models as future work.
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munication range of its serving gNB during one slot and, consequently, keeps connectivity.

Finally, we analytically determine an expression for the average achievable throughput as a

function of the vehicle speed V , the slot duration (or beam tracking periodicity) TS and the

beamwidth ψ.

5.6.2.1 Association Rule

According to the system model, every TS both the VN and the gNBs estimate the surround-

ing channels and then adjust their antenna orientation accordingly, to exploit the maximum

beamforming gain. We also assume that the measured channel information is perfect, neg-

lecting any estimation error. Therefore, letting rn be the distance between the VN and gNB

n, the VN always connects to gNB n∗ ∈ Φi, i ∈ {L,N}, that provides the maximum average

received power (i.e., the minimum path loss)

n∗ = argmax
∀i, ∀n

{ℓi(rn)} (5.35)

where ℓi(rn) is as in Equation (5.32).

Lemma 1 The probability density function of the distance r between the VN and the nearest

LoS (NLoSs) gNB is

f
(s)
i (r) =

∂

∂r

(︄
1− exp

(︄
−2λb

∫︂ b(r)

0
p
(s)
i (x)dx

)︄)︄
, (5.36)

where r is larger than the road width W , i.e., r > W , by construction, s ∈ {R,U} (according
to the simulated scenario6), i ∈ {L,N} (according to the path loss state of the nearest gNB),

and b(r) =
√
r2 −W 2.

Proof: See Appendix A.3. ■

However, the test VN may not always perform association to the closest gNB, especially

when considering a very dense urban environment in which the nearest infrastructure node

may be in NLoS. On the contrary, the serving gNB can be either the nearest gNB in ΦL

or the nearest one in ΦN [91]. Assuming that the test VN connects to a LoS (NLoS) gNB,

there must be no NLoS (LoS) gNBs at distance greater than or equal to AN (r) (AL(r)),

which is defined as

Ai(r) =

(︃
Ci∗

Ci
rαi

)︃ 1
αi∗

(5.37)

6When considering a rural highway scenario, the path loss state (i.e., the probability of LoS/NLoS con-
ditions) does not depend on the distance r between the VN and the gNB, therefore the expression in Equa-

tiob (5.36) simplifies to f
(R)
i (r) =

2λ
(R)
i r

b(r)
exp

(︂
− 2λ

(R)
i b(r)

)︂
, i ∈ {L,N}. Similar simplifications apply for all

the results referred to a rural environment presented throughout the section.
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where i∗ indicates the LoS/NLoS state other than i.

We can therefore compute the probability that the test VN is associated with either a

LoS or NLoS gNB as follows.

Lemma 2 The test VN connects to a gNB ∈ Φi, for i ∈ {L, N}, with probability

P
(s)
i =

∫︂ ∞

W
exp

(︄
−2λb

∫︂ b(Ai(r))

0
p
(s)
i∗ (x)dx

)︄
f
(s)
i (r)dr (5.38)

where s ∈ {R,U} and b(Ai(r)) =
√︁
Ai(r)2 −W 2.

Proof: See Appendix A.4. ■

Lemma 3 Given that the test VN connects to a gNB ∈ Φi, for i ∈ {L, N}, the PDF f̄
(s)
i (r),

s ∈ {R, U}, of the distance r between the vehicular node and the serving gNB is given by

f̄
(s)
i (r) = exp

(︄
−2λb

∫︂ b(Ai(r))

0
p
(s)
i∗ (x)dx

)︄
f
(s)
i (r) (5.39)

Proof: The proof is based on the same rationale used to prove Lemma 2, and is therefore

omitted here. ■

5.6.2.2 SINR Coverage Analysis

The SINR coverage probability P
(s)
cov(Γ) is defined as the probability that the target VN

experiences an SINR larger than a predefined threshold Γ > 0, i.e., P
(s)
cov(Γ) = P[SINR > Γ].

As previously defined in Equation (5.17), and by using the law of total probability, we get

P (s)
cov(Γ) = P[SINR > Γ, n∗ ∈ ΦL⏞ ⏟⏟ ⏞

SINRL>Γ

] + P[SINR > Γ, n∗ ∈ ΦN⏞ ⏟⏟ ⏞
SINRN>Γ

] (5.40)

where n∗ is the serving gNB referred to the target VN. Based on the lemmas and the

assumptions introduced in the previous sections, we present the main theorem on the SINR

coverage probability.

Theorem 1 The coverage probability P
(s)
cov(Γ) for a target SINR threshold Γ > 0 is given by

P (s)
cov(Γ) =

∑︂
i∈{L,N}

∫︂ ∞

W
exp

(︃
−µσ2Γrαi

∆1Ci

)︃
L(s)
ILi

(︃
µΓrαi

∆1Ci

)︃
L(s)
INi

(︃
µΓrαi

∆1Ci

)︃
f̄
(s)
i (r)dr, (5.41)

where L(s)
Iji

(t) is the Laplace transform of the interference from gNBs∈ Φj, for j ∈ {L, N},
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Slot of duration TS

BS

VN VN

car lane

obstacle lane
VN leaves the communication range of the 

BS and loses the connection.

Figure 5.14: At the beginning of the slot of duration TS , the VN is connected and aligned to its
serving gNB. When moving at constant speed V during the slot, the VN leaves the communication
range of the gNB. Since the beam direction cannot be updated during the slot, the link between the
VN and the gNB will be lost until the beginning of the next slot.

to the test VN, and is expressed as

L(s)
Iji

(t)= exp

(︄
− 2λb

∫︂ ∞(︂
Cj
Ci

rαi

)︂ 1
αj

[︄
1−

(︄
1
µ(θb/π)

1
µ + tv−αjCjGbGVN

+

+

1
µ [1− (θb/π)]

1
µ + tv−αjCjgbgVN

)︄]︄
p
(s)
j (v)dv

)︄ (5.42)

Proof: See Appendix A.5. ■

5.6.2.3 Connectivity Analysis

As we pointed out in Section 5.6.1.2, a directional beam pair needs to be determined to enable

the transmission between two nodes, thus beam tracking heavily affects the connectivity

performance of a V2X mmWave system. Assuming that perfect beam alignment is obtained

at the beginning of every slot of duration TS , the vehicle can be in either a connected (C)

or an idle (I) state, depending on whether the endpoints experience an SINR larger than a

predefined threshold Γ. Starting from state C, the VN can either maintain connectivity to

the serving gNB for the whole slot duration, or lose the beam alignment and get disconnected.

This second event is illustrated in Figure 5.14. Starting from state I, instead, the vehicle

can either remain out-of-range for the whole slot, or enter the coverage range of a new gNB

within TS (catch-up). Even in this second case, however, the connection will be established

only at the beginning of the following slot, when the beam alignment procedure is performed.

Therefore, preservation of the connectivity during a slot requires that the VN is within the

coverage range of the gNB at the beginning of the slot, with sufficient signal quality, and

does not lose beam alignment throughout the slot duration TS .

In this subsection, we analytically derive the expression of the probability PC that the
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moving VN does not disconnect from its serving infrastructure during a slot of duration TS .

Theorem 2 For s ∈ {R,U}, the probability that the VN is in the connected state C for the

whole duration of a slot is given by

P
(s)
C = P (s)

cov(Γ) · P
(s)
NL (5.43)

where P
(s)
cov(Γ) is the probability of being in state C at the beginning of the slot and P

(s)
NL =

P[TL > TS ] represents the probability that the VN does not leave the communication range

of the serving gNB during the slot.7 This can be expressed as a function of r as

P
(s)
NL = P[TL > TS ] = P

⎡⎣r > V TS
sin(ψ/2)

⎛⎝W
r

sin(η) +

√︄
1−

(︃
W

r

)︃2

cos(η)

⎞⎠⎤⎦ (5.44)

where η = π/2− ψ/2 and ψ is the beamwidth of the main lobe of the gNB.

Proof: See Appendix A.6. ■

The last expression can be easily solved via numerical computation by determining the

value r∗ for which the inequality in (5.44) is satisfied as an equality. Considering that the

right-hand side of the inequality in (5.44) is monotonically decreasing in r, we hence have

P
(s)
NL = P[TL > TS ] =

∑︂
i∈{L,N}

∫︂ ∞

r∗
f̄
(s)
i (r)dr (5.45)

where f̄
(s)
i (r) is as in (5.39).

5.6.2.4 Throughput Analysis

In this subsection, we determine the expression for the average throughput B experienced

by the target VN moving across the considered mmWave vehicular scenario. In particular,

let E[Tcomm] ∈ {0, TS} represent the average time (i.e., the portion of slot) during which the

VN is within the coverage range of its serving infrastructure and properly aligned with it.

In this case, the nodes are able to exchange data, on average, at a rate E[γ(r)] that depends
on their distance r. The average achievable throughput during one slot is therefore defined

as

B(s)(r) = E[γ(r)] · E[Tcomm]

TS
, s ∈ {R,U}. (5.46)

Notice that B(r) = 0 if the VN is disconnected at the beginning of the slot, while B(r) =

E[γ(r)] if the VN is in the connected state for the whole duration of a slot (i.e., E[Tcomm] =

7Notice that, according to (5.43), P
(s)
NL is to be interpreted as a conditional probability, i.e., the probability

that the VN remains connected during a slot given that it is connected at the beginning (otherwise the
endpoints would not be able to determine the optimal directions for their beams and no communication
would be possible).
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TS). The average rate E[γ(r)] in Equation (5.46) can be computed using Lemma 4, while

the average communication duration E[Tcomm] is evaluated through Theorem 3.

Lemma 4 Given the SINR coverage probability Pcov(Γ), the average achievable rate ex-

perienced by the target VN, at distance r from its serving gNB, is given by the following

expression

E[γ(r)] =WtotE{log2(1 + SINR)} = Wtot

log(2)

∫︂ ∞

0
P[SINR > et − 1]dt

=
Wtot

log(2)

∫︂ ∞

0
Pcov(e

t − 1)dt

(5.47)

Proof: See [54, Theorem 3] and [158, Section V]. ■

Theorem 3 Being d(r) the maximum distance the VN can cover before leaving the com-

munication range of its serving gNB and being V TS the total distance covered by the VN,

moving at speed V , within the slot of duration TS, the average time (i.e., the portion of slot)

in which the VN experiences a non-zero throughput is expressed as:

E[Tcomm] = (1− PNL) · E[Tcomm,L] + PNL · E[Tcomm,NL]

= (1− PNL) ·

(︄
1

V
·
∫︁ V TS

0 Fd(V TS)− Fd(u)du

Fd(V TS)

)︄
+ PNL · TS , (5.48)

where fd(x) and Fd(x) represent the PDF and CDF of the distance d(r), respectively, and

PNL is as in Equation (5.44).

Proof: According to the analysis we developed in Appendix A.6, if the VN does not

disconnect during the slot (with probability P
(s)
NL, i.e., with probability P[d(r) > V TS ]) then

E[Tcomm,NL] = TS . Otherwise, the VN experiences a non-zero throughput only during the

portion of the slot in which the alignment with the serving infrastructure is maintained, and

therefore

E[Tcomm,L] =
E
[︂
d(r)

⃓⃓⃓
d(r) < V TS

]︂
V

(a)
=

1

V
·
∫︁ V TS

0 xfd(x)dx

P[d < V TS ]

=
1

V
·

∫︁ V TS

0

(︂ ∫︁ x
0 du

)︂
fd(x)dx

P[d < V TS ]
=

1

V
·
∫︁ V TS

0

∫︁ x
0 fd(x)dudx

P[d < V TS ]

(b)
=

1

V
·
∫︁ V TS

0

∫︁ V TS

u fd(x)dxdu

P[d < V TS ]

=
1

V
·

∫︁ V TS

0

(︂
Fd(V TS)− Fd(u)

)︂
du

Fd(V TS)
, (5.49)
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Table 5.7: Notation and meaning of the main system parameters.

Parameter Meaning

Φb, Φo, ΦL, ΦN PPPs of gNBs, obstacles, LoS gNBs and NLoS gNBs
λL, λN Density of LoS and NLoS gNBs
pL, pN Probability of a gNB being in LoS (or NLoS) w.r.t. the test VN
ℓi(r) Path loss component of gNB ∈ Φi, for i ∈ {L, N},

at distance r from the VN
∆1 = Gb ·GVN Overall antenna gain (assuming perfect beam alignment)

∆Ij Antenna gain between the test VN and interfering gNB j
|hi|2 ∼ Exp(1/µ) Small scale fading component of the i-th gNB

f̄ i(r) PDF of the distance r from the test VN
to the serving gNB ∈ Φi, for i ∈ {L, N}

Pi(r) Probability that the test VN connects to a gNB ∈ Φi, for i ∈ {L, N}
Pcov SINR Coverage probability
PC Connectivity probability
B Achievable throughput within one slot

where step (a) derives from the definition of conditional expectation and from the fact that

d(r) < V TS , while step (b) has been obtained by changing the order of integration for the

integrals in dx and du. ■

5.6.3 Numerical Results

In this section, after introducing our main simulation parameters, we provide some numerical

results based on the analysis presented in Section 5.6.2, with the following objectives.

(i) Comparing the coverage and connectivity performance of vehicles considering both a

rural and an urban path loss characterization, following the models of [21] and [152], re-

spectively.

(ii) Evaluating the throughput performance of the VNs in a mmWave vehicular network.

The validity of the proposed theoretical model will be assessed by comparing the

analytical results representing Equation (5.46) with simulation outcomes.

(iii) Providing insights on the impact on the performance of V2X nodes in highly mobile

mmWave networks of several automotive-specific features, e.g., the vehicle’s speed, the

beam tracking periodicity, the node density, the antenna configuration.
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5.6.3.1 System Parameters

The parameters used to derive the results are summarized in Table 5.7.8 In particular,

we assume that the mmWave network is operated at fC = 28 GHz, and the total available

bandwidth is Wtot = 1 GHz. In addition, the mmWave channel follows the model presented

in Section 5.6.1.3 where the Rayleigh parameter µ is set to 1. The gNBs are equipped with

an antenna array of [Nb ×Mb] = {4, 16, 64} elements. The resulting main lobe width ψ

and beamforming gain Gb are proportional to the array size, since narrower beams can be

steered and larger gains can be achieved when considering larger-scale arrays [79]. Therefore,

we assume ψ ≃ {90◦, 60◦, 30◦} and Gb ≃ {20, 12, 6} dB, according to the respective array

dimension. On the other hand, the VN is equipped with [NVN × MVN] = 16 elements,

steering beams of width ϕ ≃ 60◦ and producing a gain GVN ≃ 12 dB. Finally, the side lobe

gain of both base stations and vehicular nodes is set to gb = gVN = −10 dB. The gNBs are

positioned uniformly at random on both sides of the road according to a PPP with density

λL and λN for LoS and NLoS gNBs, respectively. The road width is 2W = 14.8 m, while the

length is L = 50 km. As introduced in Section 5.6.1.2, perfect alignment between the VN,

moving at constant speed V = {30, 60, 90, 100, 130} km/h, and its serving infrastructure

is guaranteed every TS = {0.1, 0.3, 0.5, 1} seconds. Conversely, interfering gNBs steer their

beams through random angle configurations.

5.6.3.2 Coverage and Connectivity (Urban Path Loss Model)

Considering an urban path loss characterization, according to Theorem 2, the preservation

of the connectivity during a slot requires both accurate alignment between the endpoints and

satisfactory signal quality. The value of P
(U)
NL therefore becomes particularly meaningful if

weighed by the VN’s coverage probability at the beginning of the slot. In Figure 5.15(a), we

thus plot the SINR coverage probability, i.e., the probability that the VN is connected at the

beginning of a synchronization slot, as expressed by Equation (5.41), for different transmit

antenna configurations. We note that P
(U)
cov (Γ) increases with the gNBs density λb because

of the higher probability of having a gNB at shorter distance which can offer better signal

quality. However, the gain progressively reduces with λb because of the increasing impact

of the interference from the surrounding gNBs. Anyway, the increasing trend shown by

P
(U)
cov (Γ) proves that the reduction of the attachment distance is dominant over the increased

interference. Finally, the figure shows that narrower beams result in higher SINR (and higher

P
(U)
cov (Γ)) due to the higher gain achieved by beamforming, as expected.

In Figure 5.15(b), (c) and (d) we report the connectivity probability P
(U)
C representing

the probability, as expressed by Equation (5.43), that the VN is connected during an entire

8Although our system parameters are based on realistic system design considerations and therefore ac-
curately reflect the specificities of different vehicular scenarios, the simulator described is fully customizable,
thereby allowing future development of the 3GPP specifications on V2X and enhanced channel characteriz-
ations to be easily plugged in as they will be released.
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(a) P
(U)
cov , for different antenna configurations.

SINR threshold Γ = −5 dB.

(b) P
(U)
C with parameters TS = 300 ms, V = 100

km/h, for different antenna configurations.

(c) P
(U)
C with parameters ψ = 30◦, V = 100

km/h, for different values of the slot duration.
(d) P

(U)
C with parameters ψ = 30◦, TS = 300

ms, for different values of the VN speed.

Figure 5.15: Coverage and connectivity probabilities (P
(U)
cov and P

(U)
C , respectively) within a slot of

duration TS , when varying the gNBs density λb. An urban path loss model is considered. The curves
are analytically obtained from Equations (5.41) and (5.43).

slot of duration TS , i.e., the VN is still connected at the end of one slot given that it was

connected at the beginning of the same slot, as a function of ψ, V and TS . We observe that

P
(U)
C = P

(U)
cov (Γ) · P (U)

NL exhibits a maximum for a given density λ∗b . In detail, we notice that

P
(U)
C increases with λb for sparse networks. In this region, the reduction of the attachment

distance r to the serving gNB is more significant than the increase of the interference coming

from the neighboring gNBs. Moreover, r is still sufficiently large to allow for a loose beam

alignment (thanks to the widening of the beam’s projection on the road’s surface with the

distance), so that the connectivity between the endpoints is maintained for a relatively large
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number of slots. After a certain value of λb, P
(U)
C starts decreasing. In this range, the

coverage probability does not increase significantly, as depicted in Figure 5.15(a), while r

keeps reducing and the resulting smaller beam projected on the highway lanes contributes

to increasing the risk of losing connectivity during a slot.

Finally, as mentioned above, Figures 5.15(c) and (d) emphasize how more durable con-

nectivity capabilities are guaranteed for smaller values of TS and V , respectively.

5.6.3.3 Throughput Results (Urban Path Loss Model).

As mentioned in Section 5.6.2.4, a non-zero throughput B is experienced when the vehicle is

within the coverage of its serving infrastructure and properly aligned with it. In Figure 5.16

we plot the results representing the average throughput measured by the target VN within a

slot of duration TS . While the analytical connectivity results presented in the previous para-

graphs were exact, these throughput curves were obtained from an approximate theoretical

framework. To assess the accuracy of the approximation, we report in the graphs also the

simulation results obtained through a Monte Carlo approach, where multiple independent

simulations are repeated to get different statistical quantities of interest. At each iteration,

the simulator computes the path loss, according to the urban characterization proposed in

[21], from each gNB to the test VN and (i) makes the optimal association decision according

to a max-path loss policy, (ii) measures the SINR from the VN to its serving cell, and (iii)

computes the data rate, according to Shannon’s formula, for the fraction of time in which

the nodes are properly aligned. Finally, the throughput is estimated by averaging over the

total number of repetitions.

First, we observe that the numerical results closely follow the analytic curves representing

Equation (5.46), thereby validating our theoretical framework. Moreover, it is interesting to

observe that, in all considered configurations, the throughput exhibits a similar trend when

varying the gNBs density λb and, most importantly, follows the behavior of the connectivity

curves presented in Figure 5.15. An optimal value of B(s) can therefore be identified, meaning

that there exists a density threshold λ∗b above which the deployment of more gNBs results

in a considerable increase of the system complexity while leading to worse communication

performance. Moreover, B grows as TS decreases, because the beam alignment is repeated

more frequently, thus reducing the disconnection time. However, the overhead (which is not

accounted for in this analysis) would also increase, thus limiting or even nullifying such a

gain if TS drops below a certain threshold.

5.6.4 Final Remarks and Open Challenges

In this last work, we proposed a stochastic geometry framework to characterize the coverage

(i.e., downlink coverage) and the connectivity (i.e., beam alignment probability) perform-

ance of a dynamic mmWave vehicular network deployed along a multi-lane highway section.
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(a) B(U) with parameters TS = 300 ms, V = 130
km/h, for different antenna configurations.

(b) B(U) with parameters ψ = 30◦, V = 130
km/h, for different values of the slot duration.

(c) B(U) with parameters ψ = 30◦, TS = 300 ms,
for different values of the VN speed.

Figure 5.16: Average throughput (B) experienced within a slot of duration TS , when varying the
gNBsdensity λb. An urban path loss model is considered. The dashed lines are drawn from Monte
Carlo simulations, the markers are obtained from Equation (5.46).

The key point is that, in order to compensate for the increased isotropic path loss ex-

perienced at high frequencies, next-generation mmWave automotive communication must

provide mechanisms by which the vehicles and the infrastructure determine suitable direc-

tions of transmission to exchange data. In this context, our model characterizes the base

stations as independent homogeneous LoS and NLoS one-dimensional Poisson processes and

implements both a rural and a distance-dependent urban path loss model, in which the

communication between the endpoints is impaired by large vehicles acting as obstructions,

respectively. We derived expressions for the SINR coverage probability, the probability that
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the vehicle does not disconnect from its serving cell over time, and the achievable throughput,

as a function of the infrastructure density.

Most vehicular-related challenges are still largely unexplored, so that additional research

is needed. As part of our future work, we aim at further validating the presented results

considering innovative and original channel models specifically tailored to a next-generation

V2X context. Moreover, it would be interesting to formally characterize space and time

dependent target performance metrics to assess the connectivity performance of the nodes

in the rapidly time-varying mmWave environment, while investigating realistic scenarios

and models. Finally, a validation of the connectivity analysis including more sophistic-

ated vehicular channel models, advanced deployment scenarios and more realistic movement

traces for the vehicles represents another timely and relevant item for future research.
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Chapter 6
Conclusions

In this thesis, we investigated how an accurate modeling of both the channel environment

and the antenna radiation pattern strongly affect the results of any simulated millimeter

wave (mmWave) cellular scenario. Starting from the models present in the literature we

studied antenna and channel characterization for mmWave cellular networks focusing on

both spectrum sharing and antenna optimization aspects. Our results are mostly based on

simulations done using MATLAB scripts and the more complete ns-3 network simulator. In

particular, in all the research activities we considered a complete scenario precisely designed

to study the specific topic of our research. Even though the model we used in every chapter

is different, because tailored to study a particular problem or condition, they all share

some common mmWave features, such as directional transmission with beamforming and

multipath channel modeling.

Although different conclusions have been discussed at the end of each chapter, there

are also some common considerations that can be made. First of all, as already stressed

in the entire thesis, in order to gather a fair comparison of different approaches, realistic

and accurate channel and antenna models are fundamental. For example, we shown how

the antenna propagation model strongly affects the Signal to Interference plus Noise Ratio

(SINR) performance. Then, several approaches have been considered to perform spectrum

sharing in the cellular environment. We considered dynamic and hybrid sharing schemes

simulating dense and complete cellular networks following regulatory directives. Our results

highlight the benefit of sharing the spectrum and according to the scenario considered, either

the dynamic or the hybrid approach permits to improve both the spectral efficiency and also

the fairness among the users of the network. Moreover, hybrid spectrum sharing offers

advantages for the average user with respect to traditional fully licensed or fully pooled

spectrum access schemes, in terms of increased throughput and spectral efficiency. Together

with simulations, also a stochastic geometry analysis has been obtained which permits to

gather details about the coverage SINR expression in dense scenarios. As examples, in the
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thesis we reported some performance results for both cellular and vehicular environments.

Another interesting aspect is that, considering aligned and misaligned gain distributions,

we extend the coverage expression from the literature, thus capturing also the effects of a

realistic antenna array radiation pattern.

We have highlighted in the thesis some of the important aspects that require further re-

search and can be considered as future research activities (e.g., improvement in the stochastic

geometry analysis or in the study of MIMO precoders). In particular, as the main future

work, further research activities for the Machine Learning (ML) framework is extremely

interesting in order to precisely understand the benefits of a learning tool used for solving

complex cellular optimization problems.
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Appendix A
Appendices

A.1 Appendix – Proof of Proposition 1

Consider the joint probability Pr
(︁
SINR ≥ T, xo ∈ Φi

)︁
= Pr

(︁
SINRi ≥ T

)︁
in Equation (5.18)

when the typical User Equipment (UE) associates with a Next Generation Node Base (gNB)

in state i ∈ {L,N}. Applying the SINR definition in (5.9) to (5.18), it is recast as follows

Pr
(︁
SINRi ≥ T

)︁
= Erixo ,I

L
i ,INi

[︄
Pr

(︃
G

(ISO)
o ℓi(rixo

)

(ILi + INi ) + σ2
≥ T

)︃]︄
(A.1)

= Erixo ,I
L
i ,INi

[︃
Pr

(︃
G(ISO)

o ≥ T (ILi + INi + σ2)

ℓi(rixo
)

)︃]︃
(A.2)

= Erixo ,I
L
i ,INi

[︃
F

(ISO)
Go

(︃
T (ILi + INi + σ2)

ℓi(rixo
)

;µo

)︃]︃
(A.3)

The last step is because the innermost probability in (A.2) corresponds to G
(ISO)
o ’s Com-

plementary Cumulative Distribution Function (CCDF) F
(ISO)
Go

(y;µo) with y that equals

T (ILi + INi + σ2)/ℓi(rixo
).

Next, applying F
(ISO)
Go

(y;µo) = exp(−µoy) in Remark 1 to Equation (A.3), we obtain

(A.3) = Erixo ,I
L
i ,INi

[︃
exp

(︃
−µoTσ2

ℓi(rixo
)

)︃
exp

(︃
−µoTILi
ℓi(rixo

)

)︃
exp

(︃
−µoTINi
ℓi(rixo

)

)︃]︃
(A.4)

= Erixo

[︄
e
− µoTσ2

ℓi(rixo )EILi

[︄
e
− µoTILi

ℓi(rixo )

]︄
EINi

[︄
e
−µoTINi

ℓi(rixo )

]︄]︄
(A.5)

The last step is firstly because rixo
is independent of ILi and of INi , according to Slyvnyak’s

theorem [145]. It is additionally because ILi and of INi are mutually independent owing to the
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Markov property for the Poisson Point Processes (PPPs) ΦL
i and ΦN

i [145]. The innermost

two expectation terms in (A.5) can be represented using the Laplace transform LX(s) :=

EX [esX ]. Then, the outermost expectation can be calculated using rixo
’s Probability Density

Function (PDF) frixo
in (5.20), yielding

(A.5) =

∫︂ ∞

0
frixo

(r) exp

(︃
−µoTσ2

ℓi(r)

)︃
LILi

(︃
µoT

ℓi(r)

)︃
LINi

(︃
µoT

ℓi(r)

)︃
dr (A.6)

Lastly, in what follows we expand L
Iji
(s) with s = µoT/ℓ

i(r) in (A.6), i.e., the Laplace

transform of the interference from the gNBs in Φj for j ∈ {L,N} when xo ∈ Φi. Following

the interference expression in Equation (5.9), its Laplace transform is represented as follows

L
Iji
(s) = EΦj ,Gx

⎡⎣exp
⎛⎝−s ∑︂

x∈Φj

G(ISO)
x ℓj(rx)

⎞⎠⎤⎦ (A.7)

(a)
= EΦj

⎡⎣ ∏︂
x∈Φj

EGx

[︂
exp

(︂
−sG(ISO)

x ℓj(rx)
)︂]︂⎤⎦ (A.8)

(b)
= exp

(︄
− 2πλb

∫︂ ∞(︃
βjr

αi

βi

)︃ 1
αj

(︂
1−EGx

[︂
e−sG

(ISO)
x ℓj(v)

]︂)︂
vpj(v)dv

)︄
(A.9)

step (a) follows from the fact that G
(ISO)
x is independent of Φj and from independent and

identically distributed (i.i.d.) G
(ISO)
x ’s. Step (b) comes from applying the Probability Gen-

erating Functional (PGFL) of a Homogeneous Poisson Point Process (HPPP) [145]. Since

the interfering gNB locations and G
(ISO)
x ’s are independent, (A.9) is recast as follows

(A.9) = exp

⎛⎝−2πλbEGx

⎡⎣∫︂ ∞(︃
βjr

αi

βi

)︃ 1
αj

(︄
1− e−

µoTG
(ISO)
x ℓj(v)

ℓi(r)

)︄
vpj(v)dv

⎤⎦⎞⎠ (A.10)

The innermost expectation can be calculated using Gx
(ISO)’s PDF f

(ISO)
Gx

(y; a, b) in Remark 3.

Combining this result with (A.6) and (5.18) and applying the law of total probability com-

pletes the proof. ■
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A.2 Appendix – Proof of Proposition 2

Replacing the exponentially distributed G
(ISO)
o by the G

(3GPP)
o in the joint probability calcu-

lation Equation (A.1), we get

Pr
(︁
SINRi ≥ T

)︁
= Erixo ,I

L
i ,INi

[︄
Pr

(︃
G

(3GPP)
o ℓi(rixo

)

(ILi + INi ) + σ2
≥ T

)︃]︄
(A.11)

= Erixo ,I
L
i ,INi

[︃
F

(3GPP)
Go

(︃
T (ILi + INi + σ2)

ℓi(rixo
)

; bo, po

)︃]︃
(A.12)

Similarly as before, the last step is because the innermost probability corresponds to

G
(3GPP)
o ’s CCDF F

(3GPP)
Go

(y; bo, po) with y that equals T (ILi + INi + σ2)/ℓi(rixo
).

Next, applying F
(3GPP)
Go

(y; bo, po) =
ln(1−(1−po)e−boy)

ln po
in Remark 2 to (A.12), we obtain

(A.12) = Erixo ,I
L
i ,INi

[︃
1

ln(po)
ln

(︃
1− (1− po) exp

(︃
−boTσ2

ℓi(rixo
)

)︃
× exp

(︃
−boTILi
ℓi(rixo

)

)︃
exp

(︃
−boTINi
ℓi(rixo

)

)︃)︃]︃
(A.13)

≤ Erixo

[︃
1

ln(po)
ln

(︃
1− (1− po)e

− boTσ2

ℓi(rixo )EILi

[︃
e
− boTILi

ℓi(rixo )

]︃
EINi

[︃
e
− boTINi

ℓi(rixo )

]︃)︃]︃
(A.14)

The last step is firstly because rixo
is independent of ILi and of INi , according to Slyvnyak’s

theorem [145]. Additionally because ILi and of INi are mutually independent owing to the

Markov property for the PPPs ΦL
i and ΦN

i [145]. However, differently from the proof of

Proposition 1, here we used Jensen’s inequality to derive an upper bound of (A.13). This

permits to bring the expectations inside the logarithm, thanks to the fact that CCDF of

G
(3GPP)
o is a concave function. Then, the outermost expectation can be calculated using

rixo
’s PDF frixo

in (5.20), yielding

(A.14) =

∫︂ ∞

0

fr
xio

(r)

ln (po)
ln

(︃
1− (1− po) exp

(︃
−boTrαiσ2

βi

)︃
LILi

(︃
boT

ℓi(r)

)︃
LINi

(︃
boT

ℓi(r)

)︃)︃
dr.

(A.15)

To conclude the proof, the Laplace transforms are used as in equation (A.9) of the proof

of Proposition 1, where the interfering gain G
(ISO)
x is replaced with the respective G

(3GPP)
x . ■

A.3 Appendix – Proof of Lemma 1

Considering the Line of Sight (LoS) case, the Vehicular Node (VN) is at distance r from the

closest LoS gNB if no other LoS gNBs lie at distance closer than r. Considering the highway

scenario described and taking Figure A.1(a) as a reference, there must be no other LoS gNBs
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W

VN

BS

r

b(r)b(r)

car lane

obstacle lane

(a) The test VN is at distance r from the closest
LoS (or Non Line of Sight (NLoS)) gNB, and
b(r) =

√
r2 −W 2.

W

VN

BS

Ai(r)

b(Ai(r))b(Ai(r))

car lane

obstacle lane

(b) The test VN is at distance Ai(r) from a
gNB ∈ Φi, for i ∈ {L, N}, and b(Ai(r)) =√︁
Ai(r)2 −W 2.

Figure A.1: Illustration of a half section of the highway of width W , as a support to the proof of
Lemma 1 and Lemma 2.

within the interval [−b(r), b(r)], with b(r) =
√
r2 −W 2. Since the spatial distribution of the

LoS gNBs is modeled as a 1-D Poisson process ΦL with density λ
(s)
L (r), we have

F
(s)
L (r) = P

[︂
No LoS gNBs within the interval [−b(r), b(r)]

]︂
= exp

(︄
−
∫︂ b(r)

−b(r)
λ
(s)
L (x)dx

)︄
(a)
= exp

(︄
−2
∫︂ b(r)

0
λ
(s)
L (x)dx

)︄
(b)
= exp

(︄
−2λb

∫︂ b(r)

0
p
(s)
L (x)dx

)︄
(A.16)

with s ∈ {R, U}. Step (a) follows from the symmetry of the scenario and (b) from the fact

that λ
(s)
L (x) = p

(s)
L (x)λb. The PDF of r can be computed as

f
(s)
L (r) =

∂

∂r

(︂
1− F (s)

L (r)
)︂
=

∂

∂r

(︄
1− exp

(︄
−2λb

∫︂ b(r)

0
p
(s)
L (x)dx

)︄)︄

which gives Equation (5.36) for the LoS case. With a similar reasoning, it is also possible to

prove the lemma for the NLoS case. ■

A.4 Appendix – Proof of Lemma 2

Let rL and rN be the random variables expressing the distance to the closest LoS and NLoS

gNBs, respectively. For s ∈ {R, U}, consider the event in which the test VN connects to

a LoS gNB, at distance rL. Such an event requires the LoS gNB to have smaller path loss

than that of the nearest NLoS gNB, at distance rN . The probability P
(s)
L of connecting to
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the LoS gNB can therefore be expressed as

P
(s)
L = P

[︂
CLr

−αL
L > CNr

−αN
N

]︂
= P

[︂
r−αN
N <

(︂
CL/CN

)︂
r−αL
L

]︂
= P

[︂
rαN
N >

(︂
CN/CL

)︂
rαL
L

]︂
= P
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rN >

(︃
(CN/CL)r

αL
L

)︂ 1
αN

]︃
=

∫︂ ∞

W
P
[︂
rN > AL(r)

]︂
f
(s)
L (r)dr (A.17)

where the last step follows from the fact that r > W by construction and that f
(s)
L (r) is

the PDF of rL, as per Lemma 1. From Lemma 1 and considering the highway scenario

represented in Figure A.1(b), P[rN > AL(r)] can be regarded as the probability that there

are no NLoS gNBs within the interval [−b(AL(r)), b(AL(r))], with

b
(︂
AL(r)

)︂
=
√︁
AL(r)2 −W 2 (A.18)

and can be written as

P[rN > AL(r)] = exp

(︄
−2λb

∫︂ b(AL(r))

0
p
(s)
N (x)dx

)︄
(A.19)

By substituting Equation (A.19) into Equation (A.17), we get Lemma 2 for the LoS scenario.

The proof for the NLoS case follows the same line of reasoning. ■

A.5 Appendix – Proof of Theorem 1

Let rn
∗

i be the random variable expressing the distance to the serving gNB n∗ ∈ Φi, for

i ∈ {L,N}. The joint probability P[SINR > Γ, n∗ ∈ Φi] in Equation (5.40) can be expressed

as

P
[︂
SINR > Γ, n∗ ∈ Φi

]︂
= Ern

∗
i

[︂
P[SINRi > Γ | rn∗

i ]
]︂

(a)
= Ern

∗
i

{︄
P

[︄
|h1|2∆1Cir

−αi
i

(IL + IN ) + σ2
> Γ

⃓⃓⃓
rn

∗
i

]︄}︄

=

∫︂ ∞

W
P
[︃
|h1|2∆1Cir

−αi

(IL + IN ) + σ2
> Γ

⃓⃓⃓
r

]︃
f̄
(s)
i (r)dr

=

∫︂ ∞

W
P

⎡⎣|h1|2 >
[︂
(IL + IN ) + σ2

]︂
Γrαi

∆1Ci

⃓⃓⃓⃓
r

⎤⎦ f̄ (s)i (r)dr (A.20)

where (a) has been obtained by using the definition of SINRi in Equation (5.34). Now, since

|h1|2 is exponentially distributed with mean µ, the probability term inside Equation (A.20)
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can be expressed as

P

⎡⎣|h1|2 >
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(IL + IN ) + σ2

]︂
Γrαi
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∆1Ci

)︃
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)︃
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(︃
µΓrαi
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)︃
L(s)
INi

(︃
µΓrαi

∆1Ci

)︃
(A.21)

where (b) derives from the definition of Laplace transform LX (t) ≜ E[e−tX ]. By substituting

Equation (A.21) into Equation (A.20), the coverage probability becomes

P
[︂
SINR > Γ, n∗ ∈ Φi

]︂
=

∫︂ ∞

W
exp

(︃
−µσ2Γrαi

∆1Ci

)︃
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(︃
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∆1Ci

)︃
L(s)
INi

(︃
µΓrαi

∆1Ci

)︃
f̄
(s)
i (r)dr

(A.22)

Given that the test VN is associated to gNB n∗ ∈ Φi, the Laplace transform of the

interference from gNBs ∈ Φj to the test VN is obtained as follows

L(s)
Iji

(t) ≜ EΦj ,h,∆I

[︂
e−tI

]︂
= EΦj ,h,∆I

⎡⎣exp
⎛⎝−t ∑︂

k∈Φj

|hk|2ℓj(rk)∆Ik

⎞⎠⎤⎦
(a)
= EΦj

⎧⎨⎩∏︂
k∈Φj

Eh,∆I

[︂
exp

(︂
−t|hk|2r

−αj

k Cj∆Ik

)︂]︂⎫⎬⎭
(b)
= exp

(︄
−2λb

∫︂ ∞(︂
Cj
Ci

rαi

)︂ 1
αj

{︂
1−Ehk,∆Ik

[︂
exp

(︂
− t|hk|2v−αjCj∆Ik

)︂]︂}︂
p
(s)
j (v)dv

)︄
(A.23)

where (a) follows from the i.i.d. distribution of the interferers channel parameters |hk|2 and

from the further independence from the point process Φj , (b) derives from the symmetry

of the scenario, and by applying the probability generating functional of the PPP [159].

Moreover, using the moment generating function of exponentially distributed |hk|2’s, that is

Ehk

[︂
exp

(︂
− t|hk|2v−αjCj∆Ik

)︂]︂
=

1
µ

1
µ + tv−αjCj∆Ik

(A.24)

and from the consideration that ∆Ik are discrete random variables with P[∆I = GbGVN] =

θb/π and P[∆I = gbgVN] = 1 − (θb/π), the expression for L(s)
Iji

(t) in (A.23) can be further
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W

VN

BS

d(r)

θ β(r
)

ψ
r

car lane

obstacle lane

Figure A.2: Illustration of a half section of a highway of width W , as a support to the proof of
Theorem 2.

written as

L(s)
Iji

(t)= exp

(︄
− 2λb

∫︂ ∞(︂
Cj
Ci

rαi

)︂ 1
αj

[︄
1−

(︄
1
µ(θb/π)

1
µ + tv−αjCjGbGVN

+

+

1
µ [1− (θb/π)]

1
µ + tv−αjCjgbgVN

)︄]︄
p
(s)
j (v)dv

)︄ (A.25)

By combining Equations (A.22) and (A.25), the proof is concluded. ■

A.6 Appendix – Proof of Theorem 2

Suppose that, at the beginning of a slot of duration TS , the target VN is connected with a

gNB at distance r (w.p. P
(s)
cov(Γ)). According to the considerations we made, the main lobe

center of the gNB’s transmit beam points at its associated VN, as illustrated in Figure A.2.

According to the law of sines, the quantity d(r) that represents the maximum distance that

the node can cover before leaving the communication range of its serving gNB is defined as

d(r) ≜
r sin(ψ/2)

sin(β(r))
(A.26)

where ψ is the beamwidth of the gNB’s main lobe and, from the trigonometric identities,

β(r) = η + θ(r), with η = π/2 − ψ/2 and θ(r) = arccos(W/r). Notice that d(r) increases

with r due to the resulting wider geometric projection of the gNB’s beam onto the road

surface. That being said, the probability that the VN does not disconnect from its serving

infrastructure can be viewed as the probability that the VN does not cover a distance greater

than d(r) within the slot. The distance covered by the VN, moving at speed V , within the

143



APPENDIX A. APPENDICES

slot of duration TS is V TS , therefore

PNL = P[TL > TS ] = P [V TS < d(r)]

= P
[︃
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⎡⎢⎢⎢⎢⎣r >
V TS sin

(︂ η⏟ ⏞⏞ ⏟
π/2− ψ/2+

θ(r)⏟ ⏞⏞ ⏟
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sin(ψ/2)

(︂
sin(η) cos(arccos(W/r)) + cos(η) sin(arccos(W/r))

)︂]︃
(b)
= P

⎡⎣r > V TS
sin(ψ/2)

⎛⎝W
r

sin(η) +

√︄
1−

(︃
W

r

)︃2

cos(η)

⎞⎠⎤⎦ (A.27)

where (a) derives from the trigonometric addition formula

sin(η + θ(r)) = sin(η) cos(θ(r)) + cos(η) sin(θ(r)) (A.28)

and (b) from the trigonometric identities

cos
(︂
arccos(x)

)︂
= x (A.29)

sin
(︂
arccos(x)

)︂
=
√︁
1− x2 (A.30)

The expressions in (A.27) and (5.44) coincide, concluding the proof. ■
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