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Abstract
Current and future base stations (BSs) are expected to be densely deployed in places
with high traffic demand, such as downtown, stadium, etc., each BS only needs to
cover a smaller area compared to current macro BSs. Such network topology can
greatly improve the BSs’ coverage probability due to the shortened link distance
and increased line-of-sight (LoS) transmissions. Moreover, using large spectrum
at millimeter-wave (mmWave) frequency bands and highly directional beamform-
ing with large antenna arrays, the network capacity is significantly increased while
limiting the interference to other users or BSs.

To model the dense wireless networks where BSs locations follow a random pat-
tern, tools from stochastic geometry are used to express key performance metrics in
accurate closed-form equations and to help understand the impact of network de-
sign parameters including density, transmit power and number of antennas. Since
mmWave systems may be based on novel hybrid beamforming architectures which
have reduced hardware power consumption and cost, the beamforming algorithms
need to be based on both digital and analog beamforming, novel optimizations in
resource allocations and BS cooperation are needed in order to achieve the full po-
tential of mmWave communications, as the signal quality is prone to blockage and
high path loss.

In order to provide a better understanding of 5G performance enhancement and
limitations, one of the main goals of this thesis is to analyze new models that give
tractable performance metrics for dense small BS networks. Another goal in this
thesis is to study the resource allocations in multi-cell multi-user mmWave networks
and integrated access and backhaul (IAB) networks. In the thesis, we will show
the advantages of small cells in improving performance metrics including coverage
probability and area spectral efficiency as a result of reduced path loss and shadowing,
and we will show the value of cooperation by jointly optimizing the hybrid precoders
in mmWave networks and by optimizing the scheduling schemes in IAB networks.

Keywords: Millimeter wave, heterogeneous networks, hybrid beamforming, stochas-
tic geometry, 5G, 6G, beyond 5G, beamforming, integrated access and backhaul
(IAB).
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CHAPTER 1

Introduction

1.1 Background and Motivation
The shift to a new generation of mobile networks occurs approximately every ten
years, this quick evolution of wireless communication technologies has been driven
by the lifestyle changes and industry demands. Today, services that require high-
resolution video content transmissions and Machine-To-Machine type connections
have become a norm. Virtual activities lead to large amount of data transmissions,
the viewing time of video streaming is increasing and the applications of connected-
home/connected vehicles are also growing fast [1]–[3]. It is clear that 5G with focus on
enhanced mobile broadband (eMBB), ultra-reliable and low latency communications
(URLLC) and massive machine type communications (mMTC) is the key enabler to
meet the demand in the present and near future. Today, around 460 communications
service providers have launched 5G services, by the end of 2031, the number of 5G
subscriptions is predicted to reach 6.4 billion and around two-thirds of all mobile
subscriptions will be 5G [4].

Compared to previous communication networks, 5G greatly enhances the data
rate, spectral and energy efficiency, latency, reliability and support for high mobil-
ity. According to the minimum performance requirements approved by International
Telecommunication Union Radio communication (ITU-R) [5], the downlink peak data
rate is 20 Gbps and the peak spectral efficiency is 30 bps/Hz; base stations (BSs) will
be able to enter a sleep mode when there is no data to transmit in order to reduce
the energy consumption; the user plane latency is down to 4 ms for eMBB and 1
ms for URLLC; BSs are expected to support moving users up to 500 km/h without
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Chapter 1 Introduction

interruption time. To meet such performance requirements, the solutions rely on
network densification, millimeter wave (mmWave) spectrum with large bandwidth,
massive multiple-input-multiple-output (MIMO) antenna arrays, novel beamforming,
and coordination[6]–[8].

Network densification is able to fulfill the demand of increasing data rate and
coverage by providing traffic hotspots with short range. Small cells, e.g., femtocells,
can be deployed in locations that are closer to users in order to facilitate line-of-
sight (LOS) transmissions and reduce the competition for resource blocks and outage
zones [9]. Clearly, 5G networks will be heterogeneous with BSs of different hardware
configurations, cell range and backhaul methods [10], [11]. Developing accurate and
tractable models for heterogeneous networks has drawn considerable attention [12]–
[20]. Due to the small cells’ arbitrary locations, modeling the locations of the BSs by
stochastic geometry has been shown to achieve as accurate result as the popular grid
model, and it allows simple expressions to be derived for the signal-to-interference-
plus-noise ratio (SINR) distribution.

The widely-discussed challenges for network densification are interference coordi-
nation and cell association[10], [21]–[23]. Depending on the deployment, network
densification may cause interference to small-cell users in the uplink or cell-edge
macro-cell users in the downlink. Interference coordination in dense networks in-
cluding orthogonal transmissions, optimal scheduling, power control, and frequency
reuse is particularly important for reducing unexpected and strong interference, spe-
cially if the network is not well planned. Cell association is another key challenge for
dense networks, as it is optimal for users to be associated to the BSs with maximum
SINR and less traffic load [24]–[26]. Due to the variety of cell sizes and the large
numbers of the BSs, pushing users to small cells requires additional overhead and
coordination. Furthermore, for moving users, handovers involving small BSs presents
some unique challenges [27], [28]. Last but not least, small BSs need backhauling
through either fiber or wireless links, which puts requirements on the capacity, cost
and flexibility of backhaul links [29]–[31]. Most research works assume small cells are
connected to the core network with fixed fiber links, and it may not be practical due
to the large number of distributed small cells. Hence, wireless backhaul solutions
should be further investigated to enhance the performance of dense networks.

As one of the novel features, 5G is characterized by the use of mmWave spectrum.
Due to the fact that the spectrum below 6 GHz used by previous communication
systems is fully occupied, mmWave communications are able to achieve high data
rate by using large spectrum in the mmWave bands. The main reason why mmWave
spectrum was previously considered unsuitable for mobile communications is the high
path loss, rain and atmospheric absorption which greatly limit the transmission range,
and also because high bandwidths of mmWave bands were not really required in the
previous generations of wireless networks. Today, technologies such as mmWave low-
cost CMOS circuitry and high-gain miniaturized antennas have made mmWave more
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practical than before [7]. The small wavelength allows building high gain antenna
arrays on a small-scale chip, which will help counter the higher propagation loss
associated with high frequency signals. Among the challenges related to mmWave
communications, channel modeling and beamforming architectures are of particular
importance.

Having an accurate channel model is essential for studying and testing mmWave
communication solutions. In the recent years, there has been an increasing amount
of measurement and simulation data on mmWave channel modeling, results of path
loss exponent, delay spreads and angular spread have been studied at mmWave fre-
quencies and different scenarios [32]–[38]. Based on the measurement results, channel
models are mainly developed from the 3GPP 3D channel model or geometry-based
stochastic model [39]. The most important channel modeling requirements include
improving the spatial accuracy regarding path and sub-path modeling, supporting
very large bandwidth and considering blocking and scattering objects.

Since large antenna arrays are employed in 5G BSs, the conventional digital beam-
forming architecture which requires a complete radio-frequency (RF) chain for each
antenna may be too costly and complex. Most research concerning mmWave beam-
forming schemes have adopted alternative architectures including hybrid architec-
ture [40]–[44], switch based architecture [45]–[47] and low-precision analog-to-digital
converters (ADCs) [48]–[50]. In a single cell setup, it has been shown that these
alternative architectures can achieve high data rate close to that of the fully digital
architecture by optimizing beamforming precoders and combiners. Hence, one of the
main requirements for mmWave beamforming architecture is that power consump-
tion, cost and complexity should be kept as low as possible while maintaining a high
spectral efficiency.

For multi-cell and multi-user setups, the joint user selection and coordinated multi-
point (CoMP) transmissions between BSs is a candidate technology to achieve high
spectrum efficiency and make the network robust to the change of channel conditions.
Many researchers have proposed cooperative beamforming methods in mmWave net-
works [51]–[54]. Hybrid beamforming is studied in cell-free MIMO scenarios consid-
ering access point power constraints [51]. In [52], the user-beam selection problem,
where the BSs jointly select directional beams and users in order to maximize the
users’ rates, is studied. Considering multiple cells and pre-associated users, hybrid
precoding methods maximizing the per-user SINR are proposed in [53]. The achiev-
able rate of coordinated beamforming achieved by using deep learning to predict
the beamforming vectors is shown in [54]. However, many of the CoMP schemes,
including the full coordination among BSs that allows multiple streams transmitting
jointly from multiple BSs, need further study. They should align with mmWave sys-
tems characteristics including the number of RF chains, the number of streams and
the number of clusters in the channel [55].

5G backhaul networks will likely be upgraded to include integrated access and
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backhaul (IAB) technology, possibly operating at mmWave frequencies, and provid-
ing high capacity and flexibility [30], [56]–[62]. Traditional backhaul methods mainly
rely on fiber links or fixed wireless links. While fiber provides reliable links with
high peak rate, fiber installation may lead to high installation/maintenance cost,
and trenching/infrastructure displacement. Also, fiber installation may not be al-
lowed in, e.g., historical areas. Wireless backhaul, on the other hand, comes with
high flexibility and easy installation, at the cost of low peak rate. Traditional wire-
less backhaul techniques are mainly based on non-standardized solutions with LOS
links operating in 10-80 GHz. With 5G, however, the access links will operate in
the mmWave frequency, i.e., the range which was previously used for backhaul. Also,
with small cells, there is a need to support non-line-of-sight (NLOS) backhaul. These
two are the main motivations for the IAB networks, as specified in 3GPP 5G NR.
Considering multi-hop transmission and a large number of BSs and users, scheduling
and resource allocations have been studied to achieve high throughput and energy
efficiency [63]–[66]. However, the study on IAB networks incorporating mmWave
channel characteristics and advanced antenna techniques have not been much ex-
ploited and needs further investigations [67].

While 5G is becoming a reality and constantly evolving, the discussion about 6G
has already started [68]–[74]. As 5G unfolds and emerging applications are becoming
mature, 6G will be mainly driven by the advancement of high-fidelity holographic
society, connectivity for all things, and time sensitive applications. Still the key
performance indicators and the requirements of 6G are not determined, while there
are predictions of the 6G quality-of-service (QoS) requirements and new use cases
such as integrated Sensing and Communication that greatly improve signal quality; In
order to provide high quality multimedia services to a large number of users, 6G may
need to provide peak data rate up to 1 Terabits per second (Tbps) in some specific
use-cases, compared to 20 gigabits per second (Gbps) in 5G. To meet the demand of
delay-sensitive applications such as tactile internet, 6G may target user experienced
latency less than 10 ms. In order to support extreme reliability, e.g., remote surgery,
the error rate may need to reach 10−6 in 6G, which is 100 times smaller than that
in 5G. In addition, 6G aims to support even larger coverage, denser users and higher
mobility than that of 5G. Also, as a key feature, 6G is expected to broadly utilize
artificial intelligence/machine learning, which helps in increasing the autonomous
functionality of the network, at the cost of, e.g., uplink traffic increment. Although
applications and requirements of 6G put significant challenges on the development of
5G, 5G is still evolving and is ready to meet the demand of our society in the next
decade. The standards and enabling technologies of 6G will be truly revealed as we
proceed the research beyond 5G.
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1.2 Aim of Thesis

The aim of the thesis is to provide performance analysis on heterogeneous and
mmWave communication systems with dense BS deployments and BS cooperation.
Performance metrics including coverage probability and area spectral efficiency are
analysed in Poisson point process (PPP) based networks where analytical expressions
are derived in closed form. Considering BS cooperation, energy-efficient hybrid pre-
coding algorithms are proposed to enable BS joint transmissions and achieve users’
QoS requirements. Furthermore, in IAB networks, where BSs can transmit and
receive backhaul data using the access channels, a joint access and backhaul link
scheduling algorithm is proposed to maximize the minimum throughput in the cases
with multiple users.

The analytical study of the thesis is useful in improving the network performance
in the following aspects:

• Enabling scalable analysis and simulations in dense networks with a large num-
ber of BSs and users.

• Understanding the impact of key design parameters including BS density, num-
ber of antennas, transmit and interference power on the coverage-related metrics
in dense networks.

• Considering the impact of different hybrid precoding architectures, hardware
power consumption is included in the analysis to achieve high energy and spec-
tral efficiency.

• Providing joint hybrid precoding schemes and demonstrating the benefits of
BS cooperation, such as reducing network outage probability and RF transmit
power variation.

• Providing joint scheduling algorithms to analyse the throughput performance
of IAB networks with different types of BSs and multiple backhaul hops.

1.3 Organization of Thesis

The thesis is divided into two parts. Part I gives an introduction to Part II where a
collection of papers are included. The remainder of Part I is organized as follows. In
Chapter 2, we introduce different methods for modeling dense networks. In Chap-
ter 3, beamforming architectures in mmWave cellular systems are given and a brief
introduction to optimization techniques in CoMP networks is provided. Chapter 4
introduces the IAB concept. Finally, Chapter 5 summarizes the contributions in the
appended papers.

7



Chapter 1 Introduction

1.4 Notation
We use bold lower-case letters like d for vectors and upper-case bold letters like R
for matrices. RT , RH , R(i,j) and ||R||F denote the transpose, the Hermitian, the
(i, j)-th entry of R and the Frobenius norm of R, respectively. Cn represents the
set of n-tuples of complex numbers represented as column vectors and Cm×n denotes
the set of complex m × n matrices. E and V denote the expectation and variance
operators.

8



CHAPTER 2

Network Densification

In this chapter, we discuss the advantages and challenges of network desification.
As illustrated in Fig. 2.1, a macro cell is densified by adding small cells to offload
the traffic from the macro BS and reduce the service outage area. Because small
cells are usually deployed closer to the users, such as on lamp posts or on the side
of walls, the received signal strength is in general improved due to the reduced path
loss and increased LOS probability. However, increasing cell density requires careful
interference management, if the deployment is not well planned. If a user is connected
to a macro BS, nearby small BSs may cause significant interference if they transmit in
the same time-frequency block. Therefore, along with network planning, interference
management techniques such as CoMP and advanced multi-antenna transmissions
can further increase the capacity that network densification can provide.

As small cells have different transmit powers, coverage area and hardware, com-
pared to macro BSs, in dense metropolitan areas, 5G networks tend to be heteroge-
neous and the locations of small cells may be distributed in a less regular pattern. In
order to obtain tractable performance metrics in a network with a large number of
cells, stochastic geometry, which has been shown to be a useful tool in characterizing
such networks [15], [75], [76], enables tractable results in terms of SINR distributions.

2.1 Heterogeneous Cellular Networks
Heterogeneous cellular networks is typically described as consisting of K spatially and
spectrally coexisting tiers, where each tier is distinguished by its transmit power, BS
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Chapter 2 Network Densification

Figure 2.1: A heterogeneous network with a macro cell and densely deployed small cells.
Users can be served by one or multiple BSs.

density, and data rate. For example, macro cells (tier 1) would typically have much
higher transmit power and lower density than the higher tiers (e.g., small cells).
Small cells may have unstructured locations and provide users with high data rate in
a short range, while macro cells can maintain communication links in a long range.

Increasing small cell density may also result in increased inter-cell interference.
Moreover, since path loss, small-scale fading and interference are all dependent on the
locations of the BSs, taking the spatial randomness of the BSs into consideration when
modeling networks has attracted considerable attention. For this reason, stochastic
geometry, where the BSs are modeled as one or several point process(es), is more
suitable to analyze the performance of heterogeneous networks than conventional
models [77], [78]. The reason is that the statistical performance metrics can be
obtained in tractable forms and the small cells topology resembles a realization of
random point process.

2.2 Stochastic Geometry
In order to better understand how to model wireless networks using stochastic ge-
ometry, we give an introduction to mathematical tools in stochastic geometry and
discuss simple applications of modeling wireless networks. Figure 2.2 shows the ac-
tual locations of the BSs in a central part of Stockholm, Sweden. We notice that
the structure of the BSs forms a less regular pattern, thus, it is sensible to model
wireless networks with randomness in the BS spatial distributions. In particular,
stochastic geometry analyzes the performance of wireless networks averaged over a
large number of realizations rather than a specific network configuration, which lets
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Figure 2.2: Actual BS locations in central Stockholm, Sweden. The data contains mainly
the LTE and GSM BSs and shows a highly dense and unstructured network
topology.

us predict the performance for an ensemble of wireless networks.
Point process, which studies points randomly located in a space, is considered as

the main sub-field of stochastic geometry. The simplest and widely-used point process
in modeling wireless networks is PPP. A point process Φ is Poisson on a space E if,
for all sets A of E, the points Φ(A) are independently located in A and the random
variables Φ(A) are Poisson distributed [79]. PPP has the following properties which
make certain network metrics easy-to-compute:

• A PPP is homogeneous, if the density of the points is constant across the plane.
• A PPP is stationary, if the law of the point process is invariant to translation.
• A PPP is simple, if two points can not take the same location.
• The superposition of two independent PPPs is still a PPP.
• The independent thinning of a PPP, in which certain points are removed from

the PPP, is still a PPP.

The intensity of a PPP λ(x) is a function of the location, while for homogeneous
PPP the intensity is a constant λ. For many operations on PPP, we can compute
the new intensity in closed-form. PPP may be transformed by mapping each point
of the process to another point. Let f be a function Rd → Rs, then

Φ′ = f(Φ) = ∪x∈Φf(x), (2.1)

11



Chapter 2 Network Densification

is a PPP with intensity measure

Λ′(A′) = Λ(f−1(A′)) =
∫

f−1(A′)
λ(x)dx, for all sets A′ ∈ Rs. (2.2)

When a stationary PPP is independently thinned by deleting each point with proba-
bility 1− g(x), the thinning process generates an inhomogeneous PPP with intensity
λg(x). In wireless networks, the point process of current active transmitters is a
thinned version of the point process considering all nodes.

Many theorems related to PPP are useful for modeling wireless networks. Slivnyak’s
Theorem [80, Theorem 8.10] states that the law of a PPP conditioned on a point at
a given location is the same as the law of a PPP without that point. The theorem
allows us to model the transmitters with PPP and, considering a receiver at the
origin, the properties of the PPP do not change whether or not we condition on the
receiver. Campbell’s Theorem [80, Theorem 4.1] is another handy property for PPP.
It states that, if Φ has an intensity λ(x) and S =

∑
x∈Φ f(x) is a random sum where

f : Rd → R, then

E(S) =
∫
Rd

f(x)λ(x)dx, (2.3)

and

V(S) =
∫
Rd

f2(x)λ(x)dx, (2.4)

where E and V denote the expectation and variance operators, respectively. Equa-
tions (2.3) and (2.4) are useful when calculating the mean and the variance of the
interference in a network, as we can model the total interference at a receiver as the
sum power from all other interfering transmitters. For more properties of the PPP
and point processes, where nodes are clustered or separated, see [80], [81].

2.3 Interference Analysis
Consider a receiver y and a set of active transmitters Φ = {xi} that are distributed
in a 2-dimensional plane according to homogeneous PPP with density λ, for single
antenna systems, the interference power at y is given by

I(y) =
∑

xi∈Φ
P |hxi

|2ℓ (||xi − y||) , (2.5)

where P denotes the fixed power of the transmitter, |hxi |2 is the fast fading power
in the xi-y link, ℓ(·) represents the path loss function and ||xi − y|| is the distance
between xi and y. Due to Slivnyak’s Theorem, I(y) does not depend on the given
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location where interference is measured, i.e., it does not matter whether y is part of
the point process Φ or not. In (2.5), I(y) is a shot-noise random variable because of
the fast fading and the randomness in the point process.

Let ri = ||xi − y||, then Φr = {ri} forms an inhomogeneous PPP with density
function λ(r) = 2πλr, since ||xi−y|| is the mapping of the homogeneous PPP to one
dimension. Consider the unit transmit power and a path loss function ℓ(r) = r−α,
where α is the path loss exponent, we can then compute the Laplace transform of
the interference [80, Sec. 5.1.7]

LI(s) = E
[
e−sI

]
= e−πλE(|h|4/α)Γ(1−2/α)s2/α

, (2.6)

where Γ(·) is the Gamma function. The Laplace transform facilitates the computation
of many network metrics such as coverage probability. Equation (2.6) has a closed-
form expression in the case of Rayleigh fading by plugging in E(|h|4/α) = Γ(1+2/α).
It is worth noting that (2.6) exists only for α > 2. If α ≤ 2, then I(y) = ∞, as the
interference power from all far away transmitters does not decay fast enough and the
PPP inherently considers a network in an infinite area. This is not a problem if a
finite area is considered [82]–[84]. For α > 2, I(y) is finite but E(I(y)) =∞ [80, Sec.
5.1.2], since a transmitter that is very close to y causes high interference due to the
singularity of the path loss law at y.

2.4 Coverage Analysis
The SINR for a user at the origin of a 2-dimensional plane with single antenna on
both the BSs and the user sides is given by

SINR = Pℓ(r0)|h0|2∑
k∈Φ,k ̸=0 Pℓ(rk)|hk|2 + σ2 , (2.7)

where r0 denotes the distance to the associating BS, rk represents the distance to
the k-th interfering BS and σ2 is the additive noise power. For a given modulation
and coding scheme, a user is considered in coverage if the SINR exceeds a threshold
T . For Rayleigh fading and unit transmit power, the coverage probability for a given
link distance r0 is given by [13, Eq. (2)]

P (SINR > T |r0) = e(−T rα
0 σ2)E

[
e−T rα

0 I
]
. (2.8)

The expectation in (2.8) is the Laplace transform of the interference with s = Trα
0 .

Combining (2.6) and (2.8), we have

P (SINR > T |r0) = e

(
−λπr2

0T α 2π/α
sin (2π/α) −T rα

0 σ2
)
. (2.9)
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Figure 2.3: Coverage probability of the PPP model and the grid model as a function of
coverage SINR threshold for α = 4 and the interference-limited case.

In order to obtain the coverage probability for a typical user randomly placed in
the PPP network, i.e., removing the conditioning on a given link distance r0, we need
to consider the BS association strategy and find the distribution of the link distance.
Cell association strategies are usually based on link quality, traffic load requirements
and location information. The simplest cell association strategy associates a user
to the nearest BS. If the path loss model is given by ℓ(r) = r−α, the nearest BS
association gives the maximum signal power averaged over fading. The probability
density function (PDF) of the link distance r based on the nearest BS association is
given by [85]

fr(r) = e−λπr2
2πr. (2.10)

Hence, the coverage probability of a typical user randomly placed in a network based
on PPP is [13, Theorem 2]

P (SINR > T ) =
∫ ∞

0
P (SINR > T |r0) fr(r0) dr0, (2.11)

=πλ

∫ ∞

0
e(−λπv(1+ρ(T,α))−µT vα/2σ2)dv, (2.12)

where

ρ(T, α) = T 2/α

∫ ∞

T −2/α

1
1 + uα/2 du, (2.13)

and 1/µ is the fixed transmit power.
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2.4 Coverage Analysis

Figure 2.4: A realization of the coverage area in a heterogeneous network based on PPP.
The blue squares and red triangles denote the macro and small BSs with
descending transmit powers, respectively.

Figure 2.3 shows the coverage probability comparison between the PPP model [13,
Theorem 2] and the grid model where N is the number of BSs in square grids with a
fixed size. It confirms that, because the PPP model allows two BSs to get arbitrarily
close, it gives pessimistic coverage probability, while the grid model gives optimistic
results due to the fact that there is always a BS within a specified distance and never
a strong interfering BS nearby. In reality, the BS deployment is expected to be less
random than the PPP model and more irregular than the grid model. Hence, the
coverage probability of a real BS deployment is likely to fall between that of the
two models. Also, Fig. 2.3 shows the coverage probability of the interference-limited
case where the noise is neglected, which confirms that, due to the large interference
power in dense networks, the performance difference between the cases with noise
and without noise is similar. In most cases, the interference-limited case can simplify
the analysis and often leads to tractable analytical forms, therefore, neglecting noise
is preferred in the performance analysis of dense networks.

For heterogeneous networks with K-tier BSs, the SINR of a typical user associated
to a BS in tier k is given by

SINRk = Pk|hk,0|2r−αk∑K
j=1

∑
i∈Φj\Bk,0

Pj |hj,i|2r
−αj

j,i + σ2
, (2.14)

where Pj is the transmit power for tier-j BSs and rj,i is the distance between the
user and BS i in the j-th tier. It is possible to derive the coverage probability of
a typical user in K tier heterogeneous networks by following a similar procedure as
that in the single-tier PPP network [24].
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Figure 2.4 shows the coverage area of a heterogeneous network with large cells
and small cells based on PPP and the nearest BS association, the coverage area
forms a Voronoi tessellation where the boundaries have equal average received power
from the nearest BSs and it resembles an actual network coverage area. It is worth
noting that a bias factor can be added to the average received power model given by
BiPir

−αi , where Bi represents the bias towards associating to the i-th tier BSs. By
associating users to the BS with the maximum biased received power averaged over
fading, small BSs’ coverage area can be expanded through increasing the bias factor,
thus offloading to small BSs. Also, if the blocking effect is considered, the nearest
BS does not necessarily provide the highest signal strength and serving a user by a
BS with LOS connection may lead to better system performance.

Diversity combining techniques at the receiver side can reduce the effect of multi-
path fading and shadowing. For heterogeneous networks, the interference power is
often correlated due to the fact that different signal paths are caused by the same
set of interfering sources. Therefore, it is interesting to study the performance of
different types of diversity combining techniques where interference power and the
spatial interference correlation are taken into account. Consider a multi-antenna
system where the transmitters are modeled by a homogeneous PPP Φ, a receiver
with N antennas is placed at the origin of a 2D plane and it receives signals from a
transmitter x0 at distance d. After combining, the SINR is given by

SINR =
P0|
∑N

i=1 wihi|2ℓ(r0)∑N
i=1
∑

xi∈Φi
Pxi

ℓ(rxi
)|wihi,x|2 + σ2

, (2.15)

where Φi denotes the set of interfering transmitters picked up by the i-th antenna
and P0, Pxi

are the transmit power of the associated BS and the interfering BSs,
respectively. In (2.15), it is assumed that each antenna receives interference from
a fraction of the total interfering transmitters Φi ⊆ Φ. Despite of the independent
fast fading, the interfering signals received on different antennas are correlated due
to the fact that the spatial locations of some transmitters appear in different sets Φi

[86], [87]. In a densely deployed network, the receiver SINR tends to be interference-
limited and the additive noise is negligible compared to the total interference power.
Hence, receiver signal-to-interference ratio (SIR) is an accurate performance metric
for dense networks.

Considering the spatial correlation and Rayleigh fading, the SIR distribution can
often be expressed in closed-form expressions for maximum-ratio combining (MRC),
selection combining (SC), equal-gain combining (EGC) and switch-and-stay combin-
ing (SSC) using stochastic geometry. These combining techniques can improve the
SIR by exploiting the channel diversity. MRC applies weights that are inversely pro-
portional to the interferer density seen by each antenna, and the exact expression of
the SIR distribution in the case of two antennas is given by [87, Theorem 1]. In [23],
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Figure 2.5: Probability of outage for EGC, MRC and SC as a function of outage threshold
T . All interfering channels and the desired signal channel is assumed to have
Rayleigh fading and path loss with path loss exponent α = 3.5. The desired
link distance is d = 10 m.

i.e., Paper C of Part 2 the exact SIR distribution for dual-antenna EGC where the
received signal on each antenna are co-phased and equally weighted is given. For a
large number of antennas, tight bounds can also be found in closed-form for MRC
and EGC [23], [87]. These bounds are shown to have good accuracy in terms of
coverage analysis. SC chooses the antenna with the best SIR and its distribution is
given by [86, Eq. (8)]. SSC is the simplest combining technique where the combiner
switches to, and stays with, one receive antenna as long as the SIR on that antenna
is above a predetermined threshold, regardless of the interference condition on the
other antennas, the SIR distribution of SSC-based receivers can be found in Sec.
5.3.1.

Figure 2.5 compares the outage probability (complementary cumulative distribu-
tion function (CCDF) of the SIR) for MRC, EGC and SC in the cases with two
receiver antennas. As shown in Sec. 5.3.1, SC is considered as the optimal case of
SSC, in terms of the outage probability, the performance of the SSC is omitted in
the comparison. From Fig. 2.5, we observe that MRC has the best performance and
EGC performs slightly worse than SC. An intuitive explanation is that, different from
the interference-free case, the diversity exits not only in the useful signal power but
also in the interference power. By combining the signals of all antennas. The EGC
may suffer from adding up the antennas with large interference power. While for SC,
antennas with poor SIR are automatically ignored, and for the MRC scheme, weights
are used to compensate for the interference-affected antennas.

The coverage probability can be further improved by hybrid automatic repeat re-
quest (HARQ). As an example method, let us consider the incremental redundancy
(INR) ARQ, as a practical scheme already implemented in many standards[60], [88]–
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Figure 2.6: Probability of outage for EGC with different values of the path loss exponent as
a function of outage threshold T . Also, the probability of outage in connection
with hybrid ARQ is given for maximum number of transmissions M = 1 and
M = 2. All interfering channels and the desired signal channel are assumed
to have Rayleigh fading, and path loss with path loss exponent α = 3.5. The
desired link distance is d = 10, and the number of antennas is N = 4.

[90]. Considering INR ARQ with a maximum of M transmission rounds, the code-
word is partitioned into M subcodewords. Then, the subcodewords are transmitted
in successive rounds until the receiver correctly decodes the data or the maximum
permitted transmission round is reached. Also, in each round the receiver combines
all signals received up to the end of that round to decode the message. In this way,
considering block fading conditions where the channel coefficients remain constant
during the retransmissions, the coverage probability is given by [88]–[90]

Pr(Outage)A,INR,M = 1− Pr
(

log(1 + SIRA) <
log(1 + T )

M

)
,

A = {SSC, SC, MRC, EGC}, (2.16)

where log(1 + T ) denotes the rate of the initial subcodeword.
Figure 2.6 shows the improvements by employing the HARQ with M = 2. Thus,

the figure emphasizes the importance of using performance-enhancing techniques
for dense networks. The more detailed performance analysis of HARQ-based dense
networks is an interesting extension topic. In addition, Figure 2.6 illustrates the
effect of the path loss exponent on the outage probability. We observe that a higher
path loss causes additional/less outage when T is small/large. This is because the
interference power reduces faster than the desired signal power. Also, the observation
indicates that, in order to maintain a sufficiently low target outage probability in an
area with high path loss, it is better to set T , hence the transmission rate log(1 + T ),
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small.
In [91], we study the partial-zero-forcing receiver which cancels some of the strongest

interference signals and uses the remaining degrees of freedom of the antennas for
useful signal enhancement. The received SINR for the partial-zero-forcing receiver is
given by

SINR = P0|vH
0 h0|2ℓ(r0)∑∞

k=K+1 Pkℓ(rk)|vH
0 hk|2 + σ2 , (2.17)

where v0, vk denote the combining weights at the receiver for the associating BS and
the interfering BSs, respectively. Here, the interfering transmitters are sorted in a
descending order in terms of the average received power. The partial-zero-forcing
eliminates the K strongest interferers while maximizing the useful signal power. The
SINR distribution for the partial-zero-forcing receiver is given by[91, Eq.(16)].

The same framework can be applied to find tractable expressions for the coverage
probability considering emerging 5G technologies such as massive MIMO [92], non-
orthogonal multiple access (NOMA) [93] and self-backhauled networks [94].

2.5 Throughput and Area Spectral Efficiency
When no channel state information (CSI) is assumed at the BSs, each BS selects
a transmission rate R = log(1 + T ) with T being an auxiliary variable. If the
instantaneous SINR supports the rate, the signal can be successfully decoded at
the user and the user is in coverage. Applying the result of the coverage probability,
the per-user throughput is given by

η = log(1 + T )P (SINR > T ) . (2.18)

The per-user throughput does not monotonically increase with T , as the coverage
probability decreases if the transmission rate is too large, and there exists an opti-
mal T that maximizes the throughput. In [95], we derive the closed-form optimal
transmission rate maximizing the throughput in PPP networks. The same approach
can be used to analyze the area spectral efficiency, which is the throughput nor-
malized by the cell area. In [Paper C, Eq. (16)], we give the optimal BS density
maximizing the area spectral efficiency, and we study the delay-limited area spectral
efficiency in [96]. Here, delay-limited area spectral efficiency is defined as the ratio
between the achievable throughput and the affected area, i.e., the area where a signif-
icant amount of transmission power is observed. For EGC, the per-user throughput
is further studied in Sec. 5.3.
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CHAPTER 3

Multi-cell mmWave Systems

As the density of the BSs keeps growing, inter-cell and intra-cell interference manage-
ment is a key feature for achieving high-capacity multi-stream transmissions. Many
network interference management methods aim to eliminate interference caused by
adjacent transmitting BSs. In particular, CoMP techniques exploit both the time
and spatial diversity so that signals transmitted from multiple BSs do not cause se-
rious interference to each others’ serving users. CoMP techniques were first specified
in LTE-Advanced (LTE-A) for both the intra- and inter-BS systems with ideal and
non-ideal backhaul[97]. In 5G systems, network services, spectrum and deployments
have become more diverse than before. In order to satisfy the service requirements of
enhanced mobile broadband, mission-critical communications and massive Internet-
of-Things (IoT), CoMP techniques should provide a unified solution by coordinating
multiple BSs of different types and spectrum to achieve high capacity, low latency
and high reliability. In mmWave systems, since BSs tend to be equipped with large
antenna arrays, CoMP techniques should consider high-gain beamforming and jointly
optimize beamformers for high network capacity.

To realize CoMP techniques often requires dedicated CSI feedback and control sig-
naling. The high hardware complexity and large data size of CSI, which are associated
with large antenna arrays, add more challenges to CoMP design. For the conventional
fully digital beamforming architecture, hardware such as digital-to-analog converters
(DACs)/analog-to-digital converters (ADCs) and RF chains increases with the num-
ber of antennas. To reduce the number of RF chains and DACs/ADCs, the hybrid
beamforming architecture, where each antenna is connected through phase shifters
(PSs) to fewer number of RF chains, is preferred. CoMP techniques for fully digital
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beamforming have been studied extensively in the literature [98]–[101]. Due to the
additional constraints of hybrid beamforming architectures, CoMP techniques need
to jointly design both the analog and the digital precoders and combiners. Early work
on the topic of joint hybrid beamforming design in mmWave systems is based on the
channel eigenvalues [53] and the measurement data of diversity and CoMP techniques
[102]. Thus, for CoMP to be realized and achieve high spectral and energy efficiency,
some of the key challenges lie in finding efficient beamforming methods that exploit
multi-user CSI and joint optimizations for transmitting from multiple BSs.

In this chapter, we introduce the CoMP transmission schemes in mmWave systems.
In particular, we present the categories of CoMP schemes in Sec. 3.1 and the general
optimization tools used in CoMP schemes in Sec. 3.2. Finally, the modeling of joint
hybrid beamforming in multi-user and multi-BS setups is given in Sec. 3.3.

3.1 Downlink CoMP Strategies
For downlink multi-cell cooperation, it is often required that the BSs are mutually
connected or centrally controlled by a coordination unit, so that CSI and control sig-
nals can be gathered from all BSs to make joint decisions on transmission parameters
such as user scheduling, beamforming, transmit power, etc. CoMP techniques can be
categorized based on the availability of data symbols of a user at each coordinated
BS [97], [103], [104]:

• Coordinated scheduling/beamforming: Each user is served by only one BS and
the data intended for a user is only available at the serving BS. Decisions on
user scheduling or beamforming are made according to the CSI of both di-
rect and interfering links and the system quality-of-service (QoS) requirements.
By jointly computing the beamforming precoders at each BS, the interference
signal can be steered toward the null space of the receiver, thus reducing inter-
ference power experienced by users. Other coordinated beamforming methods
that require lower feedback overhead or CSI accuracy than joint beamforming
rely on predefined codebooks. In this case the BSs can select beamforming pre-
coders from a codebook based on certain performance requirements and channel
conditions.

• Joint processing: If each user can be served by more than one BS, joint process-
ing enables simultaneous data transmissions from multiple BSs to a single user.
The signals received from multiple BSs can be combined to improve the re-
ceived signal quality rather than being treated as interference. In this case, the
transmit data for the user should be available at multiple BSs and the CSI from
multiple BSs should be considered together to jointly design beamforming pre-
coders and combiners. However, backhaul constraints, scheduling complexity
and beamforming computational complexity may limit the BS coordination size.
A special case of joint processing, dynamic point selection, restricts the data to
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be transmitted from one BS in a time-frequency resource, but the transmitting
BS is dynamically selected among the coordinated BSs in each subframe, while
the data symbols are available at multiple coordinated BSs. The dynamic point
selection schedules the most appropriate BS by a predefined metric according
to changes in the channel fading and blockage conditions.

• Relay-assisted cooperation: In contrast to cooperation among BSs, the relay-
assisted cooperation adds dedicated relay nodes inside a cell and with no need
for connections to other BSs. The transmit data is firstly received and processed
at a relay node before being forwarded to the user. Such relay nodes also
allow for simplest cooperation is the amplify-and-forward type which, however,
amplifies both the useful signal power and the interference plus noise power.
More advanced relay nodes decode and further process the data, such as data
concatenation/segmentation, before encoding and forwarding to the user, thus
allowing more control functions at the relay node to e.g. avoid amplifying noise
and interference..

CoMP techniques aim at serving a user with multiple BSs without excessive inter-
cell interference. The downlink data can be scheduled at multiple BSs and be trans-
mitted in the same time-frequency recourse blocks by exploiting the interference
channel. However, the performance gain of CoMP schemes largely depends on the
level of synchronization among the BSs, CSI feedback and backhaul quality. Gener-
ally, the CSI feedback of a user from multiple BSs is needed for coordinated shcedul-
ing/beamforming and joint processing. Additional information such as phase syn-
chronization for joint processing with coherent combining is needed for higher level
cooperation. Backhaul capacity and quality are also important for having the trans-
mit data available at multiple BSs and the exchange of CSI among BSs. Especially
for dense mmWave networks, where a mixture of high-capacity wireless backhaul
links and fixed fiber backhaul links between BSs are expected, both access and back-
haul links will be subject to wireless channel quality. Hence, the impact of CSI and
control message overhead, the quality of the feedback channels and the introduced
latency need to be considered for realizing the full capacity of CoMP.

3.2 Resource Allocation in CoMP
Efficient allocation of resources is the key to maximize the network-level energy and
spectral efficiency and guarantee service reliability. In general, multi-cell multi-user
networks can be modeled as a large multi-user MIMO system, where users are jointly
served by all BSs. Such a model was originally proposed and investigated in [105],
and denoted Network MIMO in [106]. In CoMP networks, radio resources includ-
ing time, frequency, power, and rate need to be allocated among a set of clustered
collaborative BSs and associated users. The resource allocation problem is usually
formulated as optimizations over network data rate or power consumption with con-
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straints on transmit power per antenna and per-user data rate. In recent works, the
Network MIMO and CoMP concepts have been generalized to cell-free MIMO [107],
[108], in which the cellular structure is relaxed and the BSs can be split into access
points (APs), with various levels of reduced functionality compared to a BS, and a
central processing units (CPU). Further generalization of the concept is currently
under investigation and denoted distributed MIMO (D-MIMO) Systems, in which
multiple CPUs can coordinate overlapping clusters of APs with converged backhaul-
fronthauling [109].

In this subsection, we present several common resource allocation problems and
discuss their applications in dense mmWave networks. It is worth noting that, as
discussed in Sec. 3.1, we make assumptions on ideal synchronization, CSI acqui-
sition, backhaul and possible fronthaul to central processing units when discussing
system models. Here, the purpose is to understand the theoretical resource allocation
algorithms in CoMP.

3.2.1 System Model

Considering a network with M BSs, each equipped with N antennas, and K single-
antenna users, the channel between user k and BS m is denoted by hk,m ∈ CN and is
assumed to be block fading channel. The received complex signal at user k is given
by

yk =
M∑

m=1
hH

k,mwk,mxk,m +
M∑

m=1

K∑
k′ ̸=k,k′=1

hH
k,mwk′,mxk′,m + nk, (3.1)

where xk,m is the normalized, intended and random transmitted signal with E[|xk,m|2] =
1, wk,M ∈ CN is the precoding vector, and nk ∼ CN (0, σ2

k) is the additive noise. The
first term in (3.1) represents the desired signal transmitted from all serving BSs and
the second term is the interference signal from the BSs transmitting to other users.

Depending on users’ locations and channel quality, it may not be optimal for
user k to be served by all BSs. Denoting the set of serving BSs for user k as Mk,
the effective transmit signal power from a given BS is 0 if wk,m = 0, if m /∈ Mk.
Therefore, resource allocation optimization give the precoding vectors as well as the
serving BS sets by checking non-zero precoders.

To provide a general introduction to different resource allocation algorithms, next,
we simplify the model to the single-cell multi-user case and denote the desired trans-
mit power for user k as pk,m = ||wk,m||2 and, the effective SINR of user k is then
given by [108, Eq. (3.31)]

SINRk = |s(pk,m)|2∑K
k′ ̸=k,k′=1 E[|Ik′,m(pk′,m)|2] + σ2

k

, (3.2)
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Algorithm 1 Bisection algorithm
Require: Objective improvement accuracy ϵ > 0

1: Set the lower bound and upper bound on the max-min SINR as tlower ← 0 and
tupper ← mink maxp≥0 SINRk(p)

2: Set initial solution popt = 0, topt = 0
3: repeat
4: tcandidate ← tupper+tlower

2
5: Solve the following problem:

min
p≥0

K∑
k=1

pk (3.3)

s.t. SINRk(p) ≥ tcandidate,∀k,

aT
r p ≤ pmax, r = 1, · · · , R

p ≥ 0

6: if (3.3) is feasible then
7: tlower ← tcandidate, popt = p
8: else
9: tupper ← tcandidate

10: until tupper − tlower < ϵ

where s(pk,m) is the complex useful signal amplitude and Ik′,m(pk′,m) = hH
k,mwk′,m

is the complex interference signal amplitude. Clearly, (3.2) is a function of p =
[p1,m, . . . , pK,m], denoting (3.2) as SINRk(p), the achievable spectral efficiency can
be written as SEk(p) = log2(1 + SINRk(p)). To optimize the network performance,
a vector containing the spectral efficiency of all users [SE1(p), . . . , SEK(p)] needs
to be considered by allocating transmit power, hence optimizing precoding vectors,
to different users. Depending on the objectives and constraints of a specific net-
work, different algorithms and results can be obtained. In the rest of the subsection,
we introduce the classic resource allocation problems of max-min spectral efficiency
fairness and sum spectral efficiency maximization.

3.2.2 Max-Min Spectral Efficiency Fairness

In max-min spectral efficiency fairness problems, the worst user spectral efficiency is
maximized to achieve fairness among users. The problem can be expressed as [108,
Eq.(3.33)]

P1 : max
p≥0

min
k

SINRk(p), (3.4)

s.t. aT
r p ≤ pmax, r = 1, . . . , R, (3.5)
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where the R constraints limit the sum of the weighted power to be below the maxi-
mum allowed power pmax and ar ∈ RK is the weighting vector. Problem P1 can be
transformed to the following linear problem by introducing an auxiliary parameter
t, we have

P2 : max
p≥0,t≥0

t (3.6)

s.t. SINRk(p) ≥ t,∀k, (3.7)
aT

r p ≤ pmax, r = 1, . . . , R. (3.8)

Here, t represents the lowest SINR among all users. Problem P2 should give the
same optimal power allocation as Problem P1 [110] and the optimal solution can
be obtained by using the bisection method described in [108, Algorithm 3.1]. The
algorithm iteratively updates t and p until a local optimal is found.

3.2.3 Sum Spectral Efficiency Maximization
The max-min spectral efficiency problem aims to achieve similar spectral efficiency
among users and focuses on the worst users performance. In scenarios where the
majority of the users can have large spectral efficiency without introducing extra
interference to the users experiencing bad channel conditions, it is beneficial to max-
imize the sum of the spectral efficiency. The sum spectral efficiency maximization
problem can be expressed as

P3 : max
p≥0

K∑
k=1

log2(1 + SINRk(p)), (3.9)

s.t. aT
r p ≤ pmax, r = 1, . . . , R. (3.10)

Problem P3 is usually non-convex and requires impractically high-complexity meth-
ods to find the global optima. Realistic methods often involve iterative algorithms
that give a local optima and the optimization problems can be solved in a limited
amount of time. Problem P3 can be reformulated to a weighted MMSE (minimum
mean square error) problem and it is shown that the weighted MMSE problem has
the same global optimal solution as the original problem [108].

Defining the estimate of the desired signal xk at the receiver as x̂k = u∗
kyk, uk ∈ C,

the MSE (mean square error) is given by

ek(p, uk) = E[|x̂k − xk|2]

= |uk|2(|s(pk,m)|2 +
K∑

k′ ̸=k,k′=1
E[|Ik′,m(pk′,m)|2] + σ2)− 2ℜ(u∗

ks(k, m)) + 1.

(3.11)
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Introducing an auxiliary parameter dk > 0, the following problem is equivalent to
Problem P3:

P4 min
p≥0,{dk,uk≥0,∀k}

K∑
k=1

(dkek(p, uk)− ln(dk)) (3.12)

s.t.aT
r p ≤ pmax, r = 1, . . . , R. (3.13)

The benefit of transforming Problem P3 to P4 is that it can be efficiently solved by
the block coordinate descent algorithm which is sketched in [108, Algorithm 3.3].
The variables uk, dk and p are alternately updated until a local optima p is found.

3.3 Resource Allocation in Cooperative mmWave
Systems

5G systems with mmWave small cells will enable CoMP with multi-layer connectivity
resulting in high data rates. One of the main differences between CoMP in mmWave
and sub-6G GHz communications is due to the beamforming architecture. Equipped
with large antenna arrays, mmWave systems with hybrid beamforming architecture
have the advantage of reduced hardware cost with little or no performance loss. The
hybrid beamforming architecture requires to jointly design the analog and digital
beamforming. Optimal hybrid beamforming design for capacity maximization in-
volves non-convex problems [41], [44]. Thus, algorithm development for CoMP in
mmWave systems should reduce the complexity of joint beamforming design and
improve the performance of currently proposed hybrid beamforming schemes. In ad-
dition, CoMP schemes need to exploit mmWave channel characteristics to reduce the
interference power and ensure close to LOS transmissions.

In the following, we present the system model of a multi-tier cooperative mmWave
network where joint processing is possible. Because one of the key features of 5G
is system sustainability, joint hybrid precoding schemes are proposed in Paper A to
minimize the total power consumption of the network while satisfying a per-user rate
constraint.

3.3.1 Hybrid Precoding Architecture
Consider a downlink multi-tier mmWave network consisting of M multi-antenna BSs
and K single-antenna users. BSs in different tiers are differentiated by the number
of antennas, RF chains and maximum RF transmit power. Denote the number
of RF chains and the number of antennas at BS m by Lm and Nm, respectively.
Furthermore, denote the precoder at BS m for user k by wk,m = Rmdk,m, where
dk,m ∈ CLm is the digital precoder and Rm ∈

{
Rm ∈ CNm×Lm

∣∣ ∣∣∣R(i,j)
m

∣∣∣ = 1√
NmLm

}
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Figure 3.1: Fully-connected hybrid precoding architecture.

is the analog precoder. The analog precoder has an equal magnitude constraint as
it is implemented by PSs. In the case of joint processing, a user can receive multiple
streams from different BSs concurrently, and the composite received signal at UE k

is given by

yk =
M∑

m=1
hk,mRmdk,mxk,m +

M∑
m=1

K∑
k′ ̸=k,k′=1

hk,mRmdk′,mxk′,m + nk, (3.14)

If BS m is not associated with UE k in the joint transmission, it can be simply treated
as Rmdk,m = 0.

Assume that the data symbols are mutually independent and the user applies
successive interference cancellation (SIC) to sequentially decode the strongest signal
and subtract it from the composite signal. Furthermore, assume Gaussian signaling,
the achievable spectral efficiency of UE y is given by

ηk = log2

(
1 +

∑M
m=1 |hH

k,mRmdk,m|2

Ik + σ2
k

)
, (3.15)

where

Ik =
M∑

m=1

K∑
k′ ̸=k,k′=1

dH
k′,mRH

mhk,mhH
k,mRmdk′,m (3.16)

is the interference power.
One of the main differences between the hybrid and the fully-digital precoding

(FDP) architectures is the hardware and its associated power consumption. To com-
pare the power consumption, considering only DACs, RF chains and PSs [45], as
shown in Fig. 3.1, the hybrid precoding architecture requires Lm additional PSs
per antenna but (Nm −Lm) less digital-to-analog converters (DACs) and RF chains
compared to the FDP architecture.

28



3.3 Resource Allocation in Cooperative mmWave Systems

Digital 

Precoding

Multiple 

Data 

Streams

...
...

DAC RF Chain

DAC RF Chain

Analog

Precoding

......

......

...

PA

PA

...

PA

PA

...

...

...

Figure 3.2: Partially-connected hybrid precoding architecture.

Depending on the extent of interconnections and the number of PSs needed, the
hybrid precoding architectures can be further categorized into the fully-connected
hybrid precoding (FHP) and the partially-connected hybrid precoding (PHP) archi-
tectures. As shown in Fig. 3.2, the PHP architecture reduces the number of PSs and
the interconnections between the RF chains and the antennas by connecting each RF
chain to an antenna subarray, within which each antenna is connected to one PS.
For the PHP, we additionally assume that Nm/Lm,∀m, is an integer such that each
RF chain is connected to an antenna subarray and they do not overlap. Hence, the
number of PSs required in the FHP is LmNm and it is reduced to Nm in the PHP.
For the FDP architecture, because Nm = Lm, PSs are not needed to connect the
antennas and RF chains.

For FHP, the entries in the analog precoder have the constant amplitude constraint∣∣∣R(i,j)
m

∣∣∣ = 1√
LmNm

,∀m. For PHP, each RF chain is connected to part of the PSs,
therefore the analog precoder has the form of a block diagonal matrix given by
Rm = diag[r̂1,m, · · · , r̂Lm,m], where r̂i,m ∈ CNm/Lm×1, 1 ≤ i ≤ Lm, with constraints∣∣∣r̂(j)

i,m

∣∣∣ = 1/
√

Nm,∀m. Considering the power consumption from hardware, the total
power consumption of the hybrid beamforming architecture at a BS can be modeled
by

P HB
m = ∆m

K∑
k=1
||Rmdk,m||2 + LmNmPps + Lm (PDAC + PRF) + Pfix,m, (3.17)

and the total power consumption of the FDP architecture is given by

P FD
m = ∆m

K∑
k=1
||Rmdk,m||2 + Nm (PDAC + PRF) + Pfix,m. (3.18)

In (3.17) and (3.18), ∆m

∑K
k=1 ||Rmdk,m||2 is the power consumption at the amplifier

and ∆m models the power amplifier inefficiency. Then, Pps, PDAC and PRF denote
the power consumption of the PSs, DACs and RF chains, respectively. Furthermore,
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Pfix,m denotes the power dissipated at various other places, such as the power supply,
cooling and backhaul maintenance.

Another mechanism which can greatly increase the power saving is to coordinate
BSs’ sleep and active mode such that the BS should be operational only when there
is data to transmit. Depending on the latency requirement on the deactivation and
reactivation, some hardware components may need to remain active during the sleep
mode. Considering the BS active/sleep mode, the power consumption is modeled by

Pm =
{

P
HB/FD
m , active mode

aP
HB/FD
m , a ∈ [0, 1] , sleep mode.

(3.19)

Note that in sleep mode, BSs do not serve the users, hence ∆m

∑K
k=1 ||Rmdk,m||2 = 0.

To fulfill the target of designing energy-efficient mmWave systems, one objective is
to minimize the total power consumption of all BSs while guaranteeing the QoS for
each user. By jointly designing the hybrid precoders, the optimal power allocation
and BS sleep strategy can be obtained. The problem can be described as the follows:

P5 : minRmdk,m

M∑
m=1

bmPm (3.20)

s.t. ηk ≥ τk, ∀k (3.21)
K∑

k=1
||Rmdk,m||2 ≤ Pmax,m, ∀m (3.22)∣∣∣R(i,j)

m

∣∣∣ = 1√
NmLm

, ∀m, i, j, for FHP, (3.23)

Rm = diag[r̂1,m, · · · , r̂Lm,m],
∣∣∣r̂(j)

i,m

∣∣∣ = 1/
√

Nm, ∀m, j, for PHP, (3.24)

where bm is the weighting parameter for balancing the load of BSs, τk is the minimum
acceptable spectral efficiency for user k and can be used to ensure fairness among
users, and Pmax,m is the peak power limit of BS m. The solution to problem P5
gives the analog precoder for each BS and the digital precoder for each BS-user pair.
It also reflects the UE association strategy, as the set of associated UEs of BS m is
given by Km = {k|0 ≤ k ≤ K, ||Rmdk,m||2 > 0} and the set of serving BSs of UE k

is given by Mk = {m|0 < m ≤M, ||Rmdk,m||2 > 0}.
The optimal solution to Problem P5 is not tractable due to the non-convex analog

precoder constraint (3.23). Hence, suboptimal hybrid precoding methods [41]–[45],
[111] are often based on disjoint analog and digital precoders design. In Paper A,
i.e. [55], we decouple Problem P5 into an equal gain transmission problem, where
analog precoders are found based on maximizing the useful signal power and a relaxed
convex semi-definite problem which gives the digital precoders that solve Problem P5
conditioned on the analog precoders. The power consumption is compared to that
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of the FDP architecture for which precoders are obtained by setting Lm = Nm and
removing the analog constraint (3.23) in Problem P5.

3.4 mmWave Channel Model
Measurements of mmWave channels have shown that many parameter statistics are
different from sub-6 GHz signals. For example, the penetration loss of mmWave
signals can be as high as 40 dB for a tinted glass in 28 GHz, and the diffuse scat-
tering from rough surfaces causes large channel variations over short distance [112].
Also, the mmWave signal power can change dramatically from LOS to NLOS and hu-
man blockage can cause more than 40 dB fading [112]. Understanding the mmWave
channel characteristics will help researchers to develop proper channel models, link
adaptation and beamforming algorithms for performance enhancement. In this sub-
section, we present mmWave channel models that are commonly used for simulations.

Due to the fact that the angular spread is smaller in mmWave channels, compared
to lower frequency channels, there may be a few dominant multi-path clusters with
many subpaths of similar power, delay and angles. Thus, mmWave channel can be
modeled by the Saleh-Valenzuela model, where we denote the channel vector between
BS m and user k by

hk,m =

√
lk,mNm

NclNray

Ncl∑
i=1

Nray∑
l=1

βi,lam(αi,l). (3.25)

Here, lk,m denotes the path loss, Ncl is the number of scattering clusters and Nray
represents the number of multipaths within a cluster. Also, βi,l ∼ CN (0, 1) is the
amplitude of the l-th path in the i-th cluster and am(αi,l) denotes the antenna array
response vector evaluated at the angle of departure αi,l. Depending on the antenna
geometry, various array response vectors have been proposed. For simplicity, we
adopt the linear array antennas whose response vector is given by

am(αi,l) = 1√
Nm

[
1, ejkd sin(αi,l), ..., ejkd(Nm−1) sin(αi,l)

]T

, (3.26)

where k = 2π/λ, λ is the wavelength, d = λ/2 is the antenna spacing and αi,l is
assumed to follow a truncated Laplace distribution with mean cluster angle ᾱi and
angular spread σαi

. The mean cluster angle can be modeled by a uniform distribution
U(αmin

v , αmax
v ), where αmin

v and αmax
v can be used to define the sector angular range.

There are numerous large-scale path loss models proposed for mmWave commu-
nications. In general, the parameters of the path loss models vary according to the
scenarios and the frequency. For mmWave communications, the path loss model
should differentiate between LOS and NLOS paths, as the signal power can be sig-
nificantly different. Here, we present a collection of well adopted path loss models.
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• Path loss model with blocking [16]: In order to show the difference between LOS
and NLOS signal power, the path loss can be modeled as

lk,m = I(pLOS(dk,m))CLd−αL

k,m + (1− I(pNLOS(dk,m)))CN d−αN

k,m . (3.27)

Here, I(pL(r)) is a Bernoulli random variable with LOS probability pL(r),
αL, αN and CL, CN denote the path loss exponents and path loss at a reference
distance for LOS and NLOS links, respectively. In [16], the LOS probability
function is given by pLOS(dk,m) = e−βdk,m where β is used to fit the model
with different environments. The 3GPP LOS probability models are given by
piece-wise functions [113]. The LOS probability is 1 if the distance is smaller
than a threshold, otherwise it decays exponentially with distance.

• Multi-slope path loss model[114]: Standard Friis path loss model with one path
loss exponent leads to unrealistic results in many scenarios, the multi-slope path
loss model changes the path loss exponent according to the distance by

lk,m = Knd−αn

k,m . (3.28)

Here, dk,m is the distance between user k and BS m, Kn =
∏n

i=1 R
αi−αi−1
i and

Ri is a critical distance beyond which the path loss exponent changes.
• 3GPP-based path loss model [113]: This path loss model is defined separately

for LOS and NLOS paths and is based on field measurements. For example,
the LOS model of urban micro-cells is given by

lLOS
k,m =

{
PL1, 10m ≤ dk,m ≤ d

PL2, d ≤ dk,m ≤ dmax,
(3.29)

where

PLi = Ai + Bi log10 (dk,m) + 20 log10(fc) + Ci, i = {1, 2}. (3.30)

Here, d, dmax, Ai, Bi, Ci are cell specific parameters and fc is the carrier fre-
quency.

• Probabilistic path loss model [115]: In order to generalize the path loss model
to average the LOS and NLOS conditions, a weighting parameter, which is a
function of the LOS probability, can be introduced to combine the two path
loss models and we have

lk,m = pLOS(dk,m)PLLOS + (1− pLOS(dk,m)) PLNLOS. (3.31)

Here, the LOS/NLOS path loss models and LOS probability may be chosen
according to the preciously mentioned models.
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CHAPTER 4

Integrated Access and Backhaul Networks

The dense deployment of mmWave BSs can significantly improve the coverage and
throughput of 5G networks. However, one of the biggest challenges is to provide
backhaul links to every BS. It may be impractical to install fiber links for backhaul-
ing as the cost is high and asking for permission can be difficult. Wireless backhaul
is an alternative solution when fiber installation is not feasible or economically vi-
able. With this background, 3GPP has proposed IAB, as a specially kind of wireless
backhaul where the same node performs both the access and the backhaul commu-
nications. In an IAB network, BSs with fixed backhaul links can forward backhaul
data for BSs without fixed, e.g., wired, backhaul links using the same frequency,
hardware, and protocols as access networks. The performance of IAB networks has
received great attention recently [56], [59], [116] and it is shown that, with a proper
deployment, IAB networks are robust against blockage, rain and foliage effects. Since
the backhaul transmission may share the same resources as the access transmission,
how to schedule the channel usage and optimize resource allocation is important for
the IAB networks to achieve high throughput.

In this chapter, we introduce the IAB concept, in particular, we present the network
structure in Sec. 4.1 and the IAB scheduling optimization problems in CoMP in Sec.
4.2.
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Figure 4.1: An example of IAB network structure.

4.1 IAB in mmWave Networks
Due to the fact that mmWave BSs have a shorter transmission range and higher
density than macro BSs, IAB can provide an efficient way of providing the backhaul
links to mmWave BSs. In addition, by using hybrid beamforming with cell-free
massive MIMO, where antennas are distributed among several access points, backhaul
and access transmissions can be optimized to improve the end-to-end user rate [117].

IAB can provide wireless backhaul to BSs in both indoor and outdoor environ-
ments, relay nodes and fixed access networks. The key features to be supported by
the first release of 3GPP IAB network for NR backhauling (Rel-16) are

• Multi-hop backhauling: to enable flexible range extension.
• QoS differentiation and enforcement: to ensure that the 5G QoS of bearers is

fulfilled even in a multi-hop setting.
• Support for network topology adaptation and redundant connectivity: for opti-

mal backhaul performance and fast adaptation to backhaul radio link overloads
and failures.

• In-band and out-of-band relaying: the use of the same or different carrier fre-
quency for the access (i.e. link to UEs) and backhaul links (i.e. link to other
network nodes) of the IAB node, respectively.

• Support for legacy terminals: the deployment of IAB nodes should be trans-
parent to UEs (i.e. no new UE features/standardization required).

Figure 4.1 shows an example of an IAB network where the BS with the fixed,
e.g., fiber, backhaul link can forward wireless backhaul data for the BSs without
fixed backhaul links in the same frequency as the access links. By operating the
wireless backhaul and user access links within the same frequency band, the spectral
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efficiency is maximized through coordinated scheduling and optimized resource allo-
cation. Furthermore, they can function as multi-hop nodes, cascading backhaul data
to more distant base stations deeper in the network topology. Leveraging spatial
multiplexing and advanced beamforming, an IAB-node can simultaneously service
access traffic to UEs and transport backhaul traffic to neighboring BSs, significantly
multiplying network capacity without requiring additional spectrum.

Donor Base Station

Hop 1 Base Station A Hop 1 Base Station

Hop 2 Base Station Hop 2 Base Station

Hop 3 Base Station Hop 3 Base Station

(a) Hierarchical Architecture.

Donor Base Station

Hop 1 Base Station

Hop 1 Base Station

Hop 2 Base Station

Hop 3 Base Station

(b) Mesh Architecture.

Figure 4.2: Examples of IAB network topology.

Depending on the type of backhaul links, BSs with fixed backhaul links that trans-
mit backhaul data for other BSs are referred to as donor nodes, the rest of BSs using
wireless backhaul links are called IAB nodes. As shown in Fig. 4.2, depending on
the network topology, it is possible that IAB nodes which are near the donor act as
relays and further transmit backhaul data with multiple hops for IAB nodes which
are far away. IAB network topology is hierarchical if backhaul transmissions between
IAB nodes with the same number of hops to the donor are not allowed, while meshed
IAB networks allow transmissions between any IAB nodes.

One of the main drawbacks of IAB is the large communication overhead for multi-
hop networks and it may lead to complex IAB nodes scheduling. There is also a
routing problem since the donor IAB nodes need to configure a route to the destina-
tion node and separate routing rules may be considered for the DL and UL direction.
IAB network deployment also needs to be carefully designed. It has been shown
that, considering geographical and inter-node distance constraints, proper network
planning can boost the coverage of the IAB networks significantly [118]. In addition,
topology adaptation for IAB networks may be needed due to the blockage effects.
IAB topology adaptation can be triggered by the integration of a new IAB node to
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the topology, detachment/release of an IAB node from the topology, detection of
backhaul link overload, deterioration of backhaul link quality, link failure, or other
events.

Due to the half-duplex constraint, there is a need for strict time-domain separation
for the IAB-node operational mode in order to account for different levels of interfer-
ence [119]. IAB node time-domain resources may be configured as Downlink, Uplink,
or Flexible, indicating the possible transmission direction of a given resource. Due
to the directional transmissions, the backhaul link interference should be limited by
carefully designing the TDD frame formats and optimizing the backhaul and access
slot allocations based on different QoS requirements. It is shown that algorithms
that update the access users according to the backhaul scheduling results can greatly
improve the system throughput [120].

How to maximize the throughput and the energy efficiency of wireless backhaul
links has received less attention. The scheduling processes such as Round Robin is
impractical. When multi-hop transmissions should be used is an important issue to
study.

4.2 IAB Throughput Optimization
Due to the fact that IAB networks consist of multi-hop transmissions and mmWave
links are sensitive to blockages, the scheduling problem which optimally allocates
time resources for multi-hop transmissions is important to achieve high throughput
and ensure minimum QoS requirements. Therefore, scheduling and allocating time
resources for every access and backhaul link is an important aspect of IAB throughput
optimization.

4.2.1 System Model
The common assumptions to be made in IAB networks are (i) the resources are
measured in discrete units of time slots or packets and (ii) a flow has to be scheduled
sequentially, i.e., a hop closer to the source should be scheduled earlier than a hop
farther away. Graphs can be used to represent the network topology where the IAB
nodes or users that receive data from doner IAB node m are treated as the child nodes
of doner IAB node m, and the maximum number of child nodes per doner IAB node
is denoted by C. The network expands from the IAB nodes with fixed backhaul links
in a tree structure such that there are R+K links in the network. Here R denotes the
number of IAB nodes with fixed backhaul links and K denotes the number of IAB
nodes with wireless backhaul. The IAB nodes can receive backhauling data from the
doner IAB nodes, and each IAB node maintains a number of access links in order to
serve the user nodes.

We assume that the IAB nodes can only transmit or receive, i.e., not simulta-
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neously, in a given time slot, and the doner IAB nodes transmit to their serving
users and associated IAB nodes in a time-division multiple access (TDMA) manner.
Hence, only one of the links connected to an IAB node can be active, and the active
links can not share a common doner IAB node at a given time. Furthermore, we
divide each frame into a number of time slots with variable length ti. Assuming a
time frame where

∑N
i=1 ti = T , N is the number of time slots in the frame and T

is the frame duration. The number of transmitted bits between nodes m and k can
then be defined as γm,k =

∑N
i=1 ticm,k where cm,k denotes the capacity of the link

between node m and node k. If the link m → k is not active in time slot ti, we
assume cm,k = 0. Hence, the total throughput delivered to a node k is given by

rk =
∑

m∈Bk
γm,k −

∑
n∈Ak

γk,n

T
, (4.1)

=
∑N

i=1 ti

(∑
m∈Bk

cm,k −
∑

n∈Ak
ck,n

)
T

(4.2)

where Bk is the set of doner IAB nodes to node (either IAB node or user) k and
Ak is the set of nodes to which node k transmits data. Denote t = [t1, · · · , tN ] and
C = [c1, · · · , ci, · · · , cN ] as the capacity matrix where the elements in ci are the
aggregated rates of each node based on a given link activation pattern in time slot
ti, i.e., ci[k] =

∑
m∈Bk

cm,k −
∑

n∈Ak
ck,n,∀k.

In general, assuming node k is required to achieve a minimum throughput θk. Thus,
the objective is to maximize the minimum throughput of the nodes in the access
network subject to the time resource constraint. Such an optimization guarantees
better fairness in the network, at the cost of losing the peak access rate for the users
with good link quality. Let S be a schedule where in each time slot a certain set of
links are active and assume a normalized frame where T = 1s, the problem can be
formulated as

P6 : max
t,S

θ (4.3)

s.t. Ct ≥ θwθ (4.4)
1T t = 1 (4.5)
t ≥ 0, (4.6)

where θ is the minimum throughput, (4.4) is the minimum throughput constraint for
all nodes, wθ contains the weights for achieving different throughput and providing
larger throughput for users with higher data demand, (4.5) is the unit frame length
constraint and (4.6) is the non-negative constraint for time slot length. Here, we
are interested in maximizing the minimum throughput to the users. To that end,
for IAB nodes we can simply set the weights to be 0 so that the BSs are treated as
gateways to provide throughput to the users.
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The above optimization problem can be solved by linear programming. In Paper
B, i.e., [67], we propose a revised simplex algorithm that can solve P6 and it gives
the optimal time scheduling schemes which determines the number of active links in
each time slot. We also evaluate the effect of different parameters such as blockage,
antenna gain and network density on the system performance, and compare the
results of IAB networks with those achieved in the cases with traditional non-IAB
networks. However, further study is needed to address the induced delay due to
control signaling and investigate the impact of mobility and network reconfiguration
on the network performance.
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CHAPTER 5

Conclusions and Future works

5.1 Contributions
The purpose of this thesis is to provide analytical performance analysis of hetero-
geneous networks as well as investigate resource allocations in mmWave networks
using beamforming. Performance metrics including coverage probability and ASE
are derived in closed-form equations in PPP-based networks, and the analysis in
mmWave networks highlights the energy-efficient hybrid precoding algorithms and
the high throughput in IAB networks. The following subsections summarize the
contributions in heterogeneous networks and mmWave networks.

5.1.1 Resource Allocation in mmWave Networks
In a multi-cell multi-user network, the joint optimization of the BSs power con-
sumption is studied to minimize the sum power consumption of the BSs subject to
per-user spectral efficiency constraints as well as the per BS peak power constraints.
The hybrid beamforming architectures are exploited to reduce the hardware power
consumption and complexity and efficient precoding algorithms are given for achiev-
ing BS joint transmissions. In IAB networks, a scheduling optimization of access and
backhaul links and the effect of the network topology and antenna parameters are
studied in order to maximize the minimum access networks’ throughput.

Paper A: "Hybrid Precoding in Cooperative Millimeter Wave Networks"
This paper studies hybrid beamforming algorithms that enable joint transmissions
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in a cooperative multi-cell multi-user mmWave network, for both FHP and PHP, for
single-carrier and OFDM systems.The proposed algorithm allows to minimize the
total RF and hardware power consumption under per-user target spectral efficiency
constraint and per-BS maximum RF transmit power constraint, and finds the optimal
user associations and the BS silence strategy. By allowing joint transmissions from
multiple BSs to each user, we first show that the joint analog and digital precoding
problems can be decoupled into independent equal-gain transmission problems and
relaxed convex semidefinite programs. Then, we analyze the Lagrangian dual prob-
lem of the convex digital precoder optimization problem, which gives the conditions
for the optimal user association strategy that minimizes the sum power consumption
of the network. Next, based on the convex envelope of the objective function of
the hybrid beamforming algorithm, we propose a sub-optimal hybrid precoding algo-
rithm in terms of the silence strategy with low complexity. Simulations on the power
consumption verifies that the FHP achieves similar RF transmit power compared
to the FDP, and the hardware power consumption has a large impact on the sum
power consumption of the hybrid precoding architectures. Furthermore, cooperative
transmissions are shown to achieve increased energy efficiency, reduced sum power
consumption of the network, lower infeasibility probability, and lower RF transmit
power variations.

Contributions: Chao Fang proposed the hybrid beamforming algorithms, derived
most of the mathematical analysis, developed most of the simulation software, veri-
fied the performance with simulations and wrote the paper. Behrooz Makki suggested
related literature, contributed to the proposal of the system model and the analysis of
the simulation results, and proofread the paper. Jingya Li provided the baseline code
for convex optimization and helped in deriving the joint transmission rate. Tommy
Svensson suggested related literature, contributed to the problem formulation, sys-
tem model, the planning and analysis of the simulation results, and proofread the
paper.

Paper B: "Joint Scheduling and Throughput Maximization in Self-backhauled
MillimeterWave Cellular Networks"
In Paper B, we develop a minimum throughput maximization algorithm for mmWave
IAB networks. Our model considers the path loss difference due to blockages and
the antenna array gains depending on if angle of departure (AODs) or angle of ar-
rival (AOAs) are within the main lobe. Based on the considered channel model, we
maximize the minimum throughput of each access link based on the revised simplex
method. The simulation results show that the achievable minimum throughput of
IAB networks outperforms that of the macro-only networks for a broad range of
power levels and IAB networks can provide better throughput in denser environ-
ments. Moreover, we show that the achievable minimum throughput increases by
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densifying the network with IAB nodes, reducing the number of backhaul hops, in-
creasing the transmit antenna main lobe gain or reducing the main lobe beam width.

Contributions: Chao Fang proposed the minimum throughput maximization algo-
rithm, derived the mathematical analysis, developed the simulation software, verified
the performance with simulations and wrote the paper. Behrooz Makki suggested
related literature, contributed to the proposal of the system model and the analysis of
the simulation results, and proofread the paper. Charitha Madapatha Madapathage
Dons commented on the problem formulation and proofread the paper. Tommy
Svensson suggested related literature, contributed to the problem formulation, sys-
tem model, the planning and analysis of the simulation results, and proofread the
paper.

5.1.2 Coverage Analysis in Heterogeneous Networks
Using stochastic geometry, key network metrics including coverage probability, suc-
cessful transmission probability and area spectral efficiency can be expressed in
closed-form equations, which allows for efficient and accurate network parameters
design of BS density and the number of antennas.

Paper C: "Equal Gain Combining in Poisson Networks with Spatially Cor-
related Interference Signals"
The effect of spatial correlation on the successful reception probability for an EGC
receiver is studied in this paper. Analytical expressions and approximations of the
successful reception probability are derived for two-antenna and more than two anten-
nas, respectively. Also, we derive a further simplified successful reception probability
and find the optimal density maximizing the ASE. The results demonstrate the sub-
stantial effect of the spatial correlation on multi-antenna networks and the potential
of diversity combiners to increase the successful reception probability in unstructured
networks.

Contributions: Chao Fang derived the mathematical equations, developed the sim-
ulation software, verified the performance with simulations and wrote the paper.
Behrooz Makki suggested related literature, contributed to the proposal of the system
model and the analysis of the simulation results, and proofread the paper. Xiaodong
Xu contributed to the mathematical equations and simulation results through dis-
cussions. Tommy Svensson suggested related literature, contributed to the problem
formulation, system model, the planning and analysis of the simulation results, and
proofread the paper.

Paper D: "Coverage Analysis for Millimeter Wave Uplink Cellular Net-
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works with Partial Zero-forcing Receivers"
Paper D analyzes the uplink coverage probability in a mmWave cellular system where
users are equipped with single antennas and BSs utilize multi-antenna PZF receivers
for useful signal enhancement and interference cancellation. Considering a LOS
probability function-based path loss model, the coverage probability is shown to be
maximized when using a subset of antennas’ degree-of-freedom for useful signal en-
hancement and using the remaining degrees of freedom for canceling the interference
from strongest interferers. Due to the blockage effects and the high attenuation of
mmWave signals, the number of strong interferers is small. Thus, most of antennas’
degrees of freedom should be used for useful signal enhancement. Particularly, com-
pared to zero-forcing, the PZF scheme is shown to improve the coverage probability
significantly.

Contributions: Chao Fang derived most of the mathematical analysis, developed
the simulation software, verified the performance with simulations and wrote the
paper. Behrooz Makki suggested related literature, contributed to the deriving the
analytical results and the analysis of simulation results, and proofread the paper.
Tommy Svensson suggested related literature, contributed to the problem formu-
lation, system model, the planning and the analysis of the simulation results, and
proofread the paper.

Paper E: "On the Performance of the Poisson-point-process-based Net-
works with No Channel State Information Feedback"
We study the network performance of cellular networks where BSs locations are mod-
eled by homogeneous PPP. Firstly, we derive the closed-form expression for optimal
transmission rate maximizing the per-user throughput and find that maximum per-
user throughput increases with BS density and transmit power as a result of increased
coverage probability. However, the optimal rate is a constant and does not dependent
on BS density or transmit power. For a special case of path loss exponent equal to
4, we derive the necessary condition for a positive diversity gain and a tight approx-
imation for the effective density indicating the current BSs with transmitting SINR
larger than a threshold. The results show that the BS density needs to decrease with
increasing transmit power at least polynomially in order to have a positive diversity
gain, and the effective density depends on the transmission rate, transmit SNR and
coverage probability. For other path loss exponents, we give approximation of the
coverage probability from which we gain insights that larger path loss exponents give
better coverage probability due to reduced interference power.

Contributions: Chao Fang derived most of the mathematical equations, developed
the simulation software, verified the performance with simulations and wrote the pa-
per. Behrooz Makki suggested related literature, proposed the problem, contributed
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to the deriving of the analytical results and the analysis of the simulation results and
proofread the paper. Tommy Svensson suggested related literature, contributed to
the problem formulation, system model and the planning and analysis of the simu-
lation results, and proofread the paper.

5.1.3 Related contributions
mmWave systems are able to achieve high data rate transmissions with large spectrum
and carrier bandwidth. However, due to the high operating frequencies, hardware
design can be more challenging than lower-band systems. One particular issue is that
phase noise of real oscillators often increases with operating frequencies, resulting
in higher inter-carrier interference (ICI) for OFDM systems. In Paper I, i.e.[121],
the impact of oscillator phase noise is analysed in a MIMO OFDM system. For
the common oscillator case, where all transmit or receiver antennas share the same
oscillator, the phase noise at the transmitter and the receiver is shown to influence
the signal error vector magnitude (EVM) equally. For the independent oscillator case
where each antenna has a dedicated oscillator, the phase noise at the transmitter
is shown to have a larger effect on EVM than that of the receiver side. It is also
found that ICI caused by the common oscillator can be compensated for by advanced
phase noise mitigation schemes, resulting in better EVM performance than that in
the independent oscillator case.

As the densification of networks continues, IAB is a cost-efficient way to alleviate
the high cost of deploying fiber links to each BS. To achieve high spectral efficiency
at the same time, IAB networks require a comprehensive standardization as well as
careful network planning. The 3GPP standardization progress for IAB mentioned in
Paper F, i.e. [59], provides an overview of IAB architecture in the Rel-16 and Rel-
17. By modelling BSs’ locations with stochastic geometry, several network models
including IAB, hybrid IAB/fiber-connected, and fiber-connected networks are com-
pared in terms of coverage probability and the effect of rain, blocking and foliage
on coverage probability is simulated. The results demonstrate that IAB is a flexible
method for network densification.

Heterogeneous networks consisting of BSs with different transmit power and cover-
age area has become one important aspect of 5G. To model the network performance
with high accuracy and low complexity, stochastic geometry has been used to pro-
vide useful insights of many network parameters including network density, transmit
power, ect. on the coverage provability, energy- and spectral-effciency. In Paper
K, i.e. [60], we analyze the effect of HARQ schemes on coverage probability and
per-user throughput in heterogeneous networks. In Paper J, i.e. [122], the effect of
PA efficiency on the outage probability, per-user throughput and ASE is analysed in
PPP-based networks with different codeword lengths. Finally, delay-sensitive ASE,
which is the ratio between the achievable throughput and the affected area, is op-
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timized in terms of optimal rate and power allocation in both point-to-point and
PPP-based networks.

5.2 Future Work
In this thesis, we have studied hybrid precoding in multi-BS multi-user mmWave sys-
tems and have demonstrated its high energy-efficiency and low hardware complexity.
We consider the FHP and PHP architectures where each antenna is connected to
all of the RF chains or a fixed subsection of the RF chains through PSs. We have
seen that PHP requires more transmit power to achieve the same target spectral
efficiency as that of FHP, due to the HW limitations. A more flexible design would
be optimizing the inter-connections between RF chains and antennas in PHP so that
the spectral efficiency of PHP can approach that of FHP or FDP with reduced HW
power consumption and complexity.

We have so far used a simplified system model by omitting many of the HW
impairments. One of such impairments that is worth further exploration is to consider
non-ideal PSs in hybrid beamforming architectures. Phase offsets caused by practical
PSs can result in incorrect beam directions and loss of array gain. Efficient algorithms
that can estimate and compensate for the phase offsets could provide significant
performance enhancement for hybrid beamforming.

Distributed MIMO (D-MIMO) or cell-free (CF) MIMO is an interesting topic to
explore for 6G [107], [123], [124]. By distributing a large number of antenna elements
or access points (APs) with multiple antennas across the network to jointly serve
users, inter-cell interference can be reduced by exploiting macro diversity. To achieve
the full potential of D-MIMO, precoding and power control of all APs need to be
centrally computed, which requires fronthaul networks that exchange control signals
between APs and central processing units. Therefore, it is an important topic to
study to the trade-off optimization between fronthaul rate and access rate. Another
important topic is to study AP selection algorithms for achieving high energy and
spectrum efficiency considering load balance and QoS constraints.

5.3 Appendix
Consider a network where transmitters are modelled by a homogeneous PPP with
density λ. According to Slivnyak’s theorem, adding a point at a given location does
not change the distribution of the PPP, thus we assume a receiver is dropped at the
origin of a 2D plane and attempts to decode a message from a transmitter xs at
distance ||xs|| = d. All other transmitters are treated as interfering sources. The
receiver is assumed to be equipped with N antennas and perform diversity combining
to enhance the received SINR. Denoting the location of each interfering transmitter
by x ∈ Φ and the transmit power of all transmitters by P , with independent and

44



5.3 Appendix

identically distributed (IID) Rayleigh fading and a path loss on all signal paths, the
received random complex signal on the i-th antenna can be expressed as

si =
√

Pd−α/2gie
jθimi +

∑
x∈Φ

√
P ||x||−α/2gi,xejθi,xmi,x + n0. (5.1)

Here, ||x|| is the distance from each interfering BS to the considered user, gi and
gi,x are IID Rayleigh random variables with the scale parameter

√
1/2, α > 2 is the

path loss exponent, n0 is the additive noise amplitude. Also, θi, θi,x are the phase
associated with each signal path, mi and mi,x are the power-normalised transmitted
symbols from the desired transmitter and the interfering transmitters, respectively.

The receiver receives multiple copies of the useful signal and interference signals
from other transmitters. Received signals are first weighted by a complex number wi

and then summed to form the output signal. The phase of the weight θi is chosen to
co-phase the useful signals on each antenna, the amplitude of the weight is chosen
differently based on the type of combining. After co-phasing, the useful signals can
add up coherently, however the interference signals are not co-phased and are added
incoherently.

5.3.1 Outage Probability for SSC with Two Receive Antennas

Here, we analyze the outage probability for SSC with two receive antennas. Com-
pared to MRC, EGC and SC, SSC is the least complicated as the SIR condition is
monitored only on one antenna, thus only one detector is needed. Because of the
simplicity of the SSC scheme, it is interesting to assess the outage probability for
two-antenna SSC and study the effect of interference correlation on it.

Let θSSC denote the switching threshold. The cumulative distribution function
(CDF) of SIR at a receiver performing SSC with two receive antennas to decode the
information from a transmitter at distance d is given by

P (SIRSSC < T ) =
{

1− p(T )− p(θSSC) + q(T, θSSC), T < θSSC

1− 2p(T ) + q(T, θSSC), T ≥ θSSC
(5.2)

p(x) = e−λπd2Γ(1+δ)Γ(1−δ)xδ

(5.3)

q(x, y) = e−λπd2B(δ+1,1−δ)xδ(1+δ 2F1(1,δ+1;2;1− x
y )), (5.4)

with 2F1(a, b; c; d) and B(x, y) denoting Hypergeometric function and Beta function,
respectively, and δ = 2/α.
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Proof. The CDF of the SIR for the SSC is given by

P (SIRSSC < T ) =



P (SIR1 < θSSC and SIR2 < T ) , θSSC < T

P

(
(θSSC < SIR1 < T )

or (SIR1 < θSSC and SIR2 < T )
)

, θSSC ≥ T,

(5.5)

where SIR1 and SIR2 refer to the SIR on each antennas which is given by the SIR
on each antenna before weighting, and is given by

SIRi = d−αg2
i∑

x∈Φ ||x||−αg2
i,x

. (5.6)

Here, each of g2
i , g2

i,x follows an exponential distribution with unit mean.
We first derive the CDF for θSSC < T . Since the interference on two antennas are

correlated, the first joint probability in (5.5) can be expressed as

P (SIR1 < θSSC and SIR2 < T )
= 1− P(SIR1 > θSSC or SIR2 > T )
= 1− P(SIR1 > θSSC)− P(SIR2 > T )+
P(SIR1 > θSSC, SIR2 > T ), (5.7)

where P(SIR > x) is the CCDF of the SIR for single antenna transmission and is
given by

P(SIR > x) = e−λπd2Γ(1+δ)Γ(1−δ)xδ

, (5.8)

and

P(SIR1 > θSSC, SIR2 > T )
= P(g2

1 > θSSCdαI1, g2
2 > TdαI2)

= Eh,Φ

[ ∏
x∈Φ

e−θSSCdαh1,x||x||−α

e−T dαh2,x||x||−α

]
(f)= exp

(
−2πλ

∫ ∞

0

(
1− yα

yα + θSSCdα
× yα

yα + Tdα

)
y dy

)
(5.9)
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(g)= exp
(
− λπδ

(∫ ∞

0

Tdαzδ−1

z + TDα
dz +

∫ ∞

0

θSSCdαzδ

(z + θSSCdα)(z + Tdα) dz
))

(h)= exp
(
− λπd2B(δ + 1, 1− δ)T δ

(
1 + δ2F1

(
1, δ + 1; 2; 1− T

θSSC

)))
,(5.10)

where (f) follows from the IID fading coefficients h1,x, h2,x and the probability gen-
erating function for the PPP, (g) is from variable transforms yα → z, δ → 2/α. Also,
(h) uses the integral calculation that∫ ∞

0

θSSCdαzδ

(z + Tdα)(z + θSSCdα) dz = T δd2B(δ + 1, 1− δ)2F1

(
1, δ + 1; 2, 1− T

θSSC

)
,

(5.11)

and ∫ ∞

0

Tdαzδ−1

z + Tdα
dz = T δd2B(1− δ, δ). (5.12)

Plugging (5.8) and (5.10) into (5.7), we have the outage probability for the SSC
scheme.

■

For θSSC ≥ T ,

P
(

(θSSC < SIR1 < T ) or (SIR1 < θSSC and SIR2 < T )
)

= P (θSSC < SIR1 < T ) + P (SIR1 < θSSC and SIR2 < T )
= 1− 2P(SIR2 > T ) + P(SIR1 > θSSC, SIR2 > T ). (5.13)

Finally, plugging (5.8) and (5.10) into (5.13), we have the outage probability for
θSSC ≥ T . If the interference power on the two receive antennas are uncorrelated,
(5.5) is simplified to

P (SIRSSC < T ) =


P(SIR < θSSC)P(SIR < T ), T < θSSC

P(SIR < T )− P(SIR < θSSC)+
P(SIR < θSSC)P(SIR < T ), T ≥ θSSC.

(5.14)

Plugging in the CDF of the SIR for single antenna transmission as in (5.10), we
obtain the CDF of the SIR for the interference-uncorrelated SSC.

Figure 5.1 shows the CDF of the SIR for two-antenna SSC and its comparison
with two-antenna SC. We observe that SSC performs worse than SC, except at the
point T = θSSC where they have the same performance. Thus by choosing the
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Figure 5.1: Probability of outage for two-antenna SSC as a function of SINR threshold T .
SC is considered as the optimal case of SSC in terms of the outage probability.
Parameters used to generate the figure are λ = 10−3, d = 10, α = 3.5, θSSC =
10 dB.
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Figure 5.2: Per-user throughput for EGC with different numbers of receive antennas N as
a function of SINR threshold T . Parameters used to generate the figure are
α = 3.5, d = 10.

switch threshold as θSSC = T , the outage probability for SSC and SC are the same.
Furthermore, Figure 5.1 shows that neglecting the interference correlation gives us
underestimated outage probability.

For a given T , the per-user throughput is a monotonic function of the outage prob-
ability, hence the previous analysis about the outage probability is also applicable in
the per-user throughput. This metric is illustrated in Fig. 5.2. We can see significant
per-user throughput improvements by increasing the number of antennas. Interest-
ingly, the figure shows that there exists an optimal transmission rate that maximises
the per-user throughput. This is because both the transmission rate and the outage
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Figure 5.3: Maximum per-user throughput for EGC with different numbers of receive an-
tennas N and BS densities λ. Parameters used to generate the figure are
α = 3.5, d = 10, T̂ = −20 dB.

probability increase with T . Thus there is a trade-off between the outage probability
and the transmission rate. In order to find the optimal T , we can derive the optimal
rate maximizing the per-user throughput as follows.

The per-user throughput is given by

η ≃ log(1 + T )
(

1−
(

T

T̂

)δ

po(T̂ )
)

. (5.15)

Taking the derivative with respect to T leads to

∂η

∂T
≃

1− p0(T̂ )
T̂ δ

T δ

1 + T
− log(1 + T )δpo(T̂ )

T̂ δ
T δ−1

≃ 1− (δ + 1)po(T̂ )
T̂ δ

T δ, T → 0. (5.16)

Setting (5.16) to 0, the optimal T maximising the per-user throughput is given by

Tmax ≃

(
T̂ δ

(1 + δ)p0(T̂ )

) 1
δ

. (5.17)

Figure 5.3 illustrates the maximum per-user throughput for different values of the
transmitter density. The red solid-line curves give the maximum per-user through-
put found by numerical search and the blue circles are obtained by using Tmax given
in (5.17). It shows that the simple approximation in (5.17) well matches the true
maximum per-user throughput. Also, we notice that as λ increases, the maximum
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per-user throughput decreases and the relative outage probability improvements be-
tween the cases with different antennas become smaller. This is because, conditioned
on fixed distance to the desired transmitter, an increase in the transmitter density
leads to higher received interference power. Therefore, adding up noisy received sig-
nals lowers the gain from increasing antennas. However, a higher network density
allows more users to be served and results in higher overall network throughput.
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