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ABSTRACT

PRECODING DESIGNS UNDER LIMITED CAPACITY FRONTHAUL FOR
C-RAN

ODUNKIRAN, AHMET FURKAN

M.S., Department of Electrical and Electronics Engineering

Supervisor: Prof. Dr. Ali Ozgiir Yilmaz

August 2023, [[ 10| pages

Massive multiple-input multiple-output antenna structures used in 5G systems greatly
improve throughput and coverage. However, they also bring challenges in areas such

as power consumption, complexity, and hardware.

Centralized or cloud radio access network structures centralize baseband operations in
a single unit and allow for the separation of baseband processing and radio frequency
processing functions for a MIMO environment and allow for the design of multiple
radio units with smaller array sizes compared to the traditional radio access networks

which reduce the production cost.

The fronthaul connection between the baseband and radio units in a radio network has
strict capacity limits with common processing distribution interfaces between these
units. Using different kinds of functional split procedures that are brought by techno-

logical improvements helps to reduce the load on fronthaul.

This thesis considers a two-stage precoding approach for the precoding operation in
a fronthaul capacity constrained wired fronthaul C-RAN system with multiple access

points that have reduced complexities compared to a single access point system. First,



a maximization problem that consists of the sum spectral efficiency of the users and
its constraints has been stated. Then, the constraints are relaxed and added inside the
main maximization problem using mathematical relations and the main maximization

problem is expressed in a differentiable form.

In this thesis, an optimization method over the differentiable spectral efficiency ex-
pression in a gradient-based form is proposed to maximize the sum spectral efficiency.

The performance of the proposed method is discussed under different conditions.

Keywords: Precoding, Fronthaul, Gradient Descent, Cloud Radio Access Network
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0z

FRONTHAUL KAPASITESI SINIRLI C-RAN YAPILARINDA ON
KODLAMA TASARIMLARI

ODUNKIRAN, AHMET FURKAN
Yiiksek Lisans, Elektrik ve Elektronik Miihendisligi Boliimii

Tez Yoneticisi: Prof. Dr. Ali Ozgiir Yilmaz

Agustos 2023 , sayfa

Kitlesel cok girdili ve ¢ok ciktili anten yapilar1 5G sistemlerinde yiiksek verimlilik
ve kapsama alan1 gibi 6zellikler sunarak kablosuz iletisim sistemlerinde yiiksek per-
formans saglamaktadir. Fakat, bu sistemler beraberinde gii¢ tiiketimi, karmagiklik ve

donanimsal alanlarda zorluk getirir.

Bulut tabanli radyo aglari, temel bant fonksiyonlarini tek bir merkeze toplar ve radyo
frekans bandi fonkisyonlarinin temel bant fonksiyonlarindan ayrilarak gelekensel ¢cok
girdili ve cok ciktili radyo ag1 yapilarina kiyasla daha kiiciik dizge boyutuna sahip

birden fazla radyo unitesi yerlesimine olanak saglayarak iiretim maliyetini diisiiriir.

Bir radyo aginda temel bant ve radyo iinitesi arasindaki baglantiy1 saglayan fronthaul
baglantisinda bu birimler arasinda yaygin is bolimii arayiizleri kullanilmasi duru-
munda agir kapasite yiikii vardir. Ilerleyen teknoloji ile birlikte gelen farkli fonksiyo-

nel ayrim standartlarini kullanmak fronthaul tizerindeki yiikii azaltir.

Bu tezde, kapasitesi sinirli kablolu fronthaul bir C-RAN sistemi i¢in iki agamali bir

0n kodlama yaklasimi diistiniilmiistiir. Diisiiniilen C-RAN sisteminde erisim noktasi
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sayis1 arttirilarak tek erisim noktali duruma gore daha basit yapilar haline getirilmis-
tir. Oncelikle, kullacilarin toplam spektral verimliligi iizerinden bir maksimizasyon
problemi olusturulmus, daha sonra bu problemdeki kisitlamalar gevsetilerek tiirevle-

nebilir bir hale getirilmistir.

Bu tezde, tiirevlenebilir maksimizasyon problemi tizerinden gradyan bazl ve kullani-
cilar igin toplam spektral verimliligi maksimize eden bir metod onerilmistir. Onerilen

metodun perfromansi farkli durumlar altinda tartisilmagtir.

Anahtar Kelimeler: On kodlama, Fronthaul, Gradyan Inis, Bulut Tabanli Radyo Ag
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CHAPTER 1

INTRODUCTION

The advent of 5G systems is certain to bring a significant improvement over contem-
porary communication networks. According to the research published by Ericsson in
[1], the revenue of 5G technology is expected to soar to 31 trillion dollars by 2030.
Nonetheless, 5G systems have challenges in areas such as data rate, latency, energy,
and cost [2]. Among these challenges, data rate improvement is a paramount con-
cern due to ever-increasing user traffic. In fact, according to the Digital 2023 global
overview report released in January 2023 [3], total internet users around the world
has reached a staggering amount of 5.16 billion people, corresponding to 64.4% of
the global population—an increase around 2% compared to the last year. This means
that data rate improvement is necessary to accommodate this increasing demand. In
[2], one of the key technologies that are listed to enable higher data rates is increased

spectral efficiency (SE) by using multiple-input multiple-output (MIMO) systems.

Multi-user MIMO (MU-MIMO) systems provide an enhanced degree of freedom and
data rate by sharing the communication channel between users as elucidated in [4].
In a conventional MU-MIMO network, a base station (BS) equipped with multiple
antenna elements establishes communication with multiple users who may possess
single or multi-antenna configurations. The transmission from BS to users is called
downlink transmission and the transmission from users to BS is called uplink trans-
mission. While MU-MIMO systems bring performance improvements, they may be
unable to support excessive data traffic. Therefore, an increase in the number of an-
tennas operating in an area is necessary. One promising approach to achieve such an
increase is called massive MIMO where BSs are equipped with very large antenna

arrays [5]. Such systems with very large multiple-input and multiple-output antenna



arrays have been studied following the work in [6] and continued to be studied in

works such as [[7] and [8]].

In traditional BS configurations with multiple antennas, all the signal processing op-
erations are conducted in a dedicated hardware unit and then the processed signals
are transmitted to users by using antenna elements. However, the burgeoning user de-
mands for higher data rates led to the consideration of different network architectures
for modern communication systems. In modern telecommunication networks, the
network link that connects user equipment (UE) to the core network (CN) is called a
radio access network (RAN). In the realm of 4G-based systems, the distributed RAN
(D-RAN) is the leading topology where a baseband unit (BBU) is connected to CN
through a link called backhaul and to a remote radio unit (RRU) via the link called
fronthaul. For the downlink operation, the processed signals in these units are trans-
formed into a radio frequency (RF) signal and then transmitted to UEs in the cell

area.

The escalating user needs have led to the requirement of more BSs connected to the
CN in traditional RANs [9]]. The implications of more base stations are observed most
notably by considering two expenditure components which are Capital Expenditure
(CAPEX) and Operation Expenditure (OPEX) [[10] that operators use to quantify the
effectiveness of the network. According to [11], OPEX mainly pertains to expendi-
tures in areas such as network operation cost and it increases as cell cites demand
for power consumption increases, while CAPEX mainly encompasses expenditures
in areas such as baseband hardware, RF hardware, software licenses and it increases
due to increasing number of base stations. As users are expecting to pay less money
per bit with time, mobile operators are working to cover these expenditures; hence
network architectures other than D-RAN have become a necessity as explained in

[L1].

Cloud Radio Access Network (C-RAN) architecture is a topology first introduced
in [12] tailored to optimize power consumption and expenditures that is proposed
within the framework of 5G technology. C-RAN architecture moves functions of
BBUs from D-RAN to a centralized unit called the BBU pool which is connected

to multiple RRUs via the fronthaul links. This centralization brings improvements



in terms of network operation cost due to the smaller number of BBUs needed and
decreases CAPEX and OPEX. Also, network operators can share the BBU pool by

the introduction of a cloud-based system as explained in [11]].

The core structure of C-RAN architecture is outlined in [[13]]. As it is underscored
in [13]], for a typical C-RAN configuration, the operation that demands most of the
processing resources is the baseband signal processing operation which is moved out-
side the cell to a centralized or cloud-based BBU pool. Meanwhile, RRU components
remain situated inside the cell site and provide essential functions such as filtering,
amplification, and analog-to-digital conversion. Moving baseband operations outside

the cell site decreases energy consumption, complexity, and cost [[13].

1.1 Thesis Motivation

With the emergence of 5G technology, the distribution of processing has become
more flexible between BBU and RRU in a RAN. The division of processing work
between the BBU and RRU is called a functional split, or simply split. For a 4G-based
RAN, the functional split between the BBU and RRU is specified by an interface
called common public radio interface (CPRI) as explained in [14] which delineates
the connection between BBU and RRU through fiber-optic cables, as depicted in Fig.

= Fiber-optic cable

: Ethernet

(CPRI)

Core Unit BBU RRU
Backhaul Fronthaul

Figure 1.1: Block diagram of the functional split for 4G RAN

CPRI delegates all digital signal processing operations to the BBU while it entrusts

digital-to-analog conversion and analog beamforming operations to the RRU.
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For 5G, we can employ more flexible functional splits compared to previous genera-
tions. Several variations of functional splits for 5G can be observed in Fig. [I.2) which
are expounded in [[15]. Since our thesis focuses on precoding which is in the physical
layer, we zero in on the functional splits that are shown in Fig. [[.2] which consider the
splits inside the physical layer and are also called low-level splits [15]. The split defi-
nitions in Fig. [I.2]are quite general in that the previously mentioned CPRI connection

is studied under Split 8.

Channel Coding
Scrambling
Modulation

Layer Mapping
Precoding
Optional Precoding
IFFT Cyclic Prefix
DAC

I
Optional Analog
Beamforming

\/

Split 7-3 [ Split 7-1 .
Split 7-2 alternatives Split 8

Figure 1.2: Block diagram of functional splits for 5G RAN downlink

Split 8 offloads a significant portion of the processing onto BBU and imposes a con-
straint on the fronthaul transmission rate up to a value of 9.8 Gbps which could sup-
port 3GPP, GSM, LTE [16]. However, it is difficult to accommodate for voracious bit
rates required by massive MIMO in 5G solely with CPRI [17]. A way that is pro-
posed to overcome this drawback involves the application of fronthaul compression,
detailed in [[18]. 5G’s enhanced CPRI (e-CPRI) protocol offers a substantial increase
in data rate limit up to 25 Gbps [14]. e-CPRI offers to tackle the fronthaul capacity
issue by transferring some BBU functions into RRU by considering lower layer splits
as in Split 7. As it can be seen in Fig. Split 7 can be implemented in different
configurations as Split 7-1, Split 7-2, and Split 7-3. With Split 7-2 in C-RAN, the pre-
coding operation can be distributed between the BBU and RRUs as in the rightmost
Split 7-2 alternative in Fig. which decreases the load on fronthaul capacity.

Different from D-RAN, C-RAN moves BBUs into a centralized unit called BBU pool
which can be interconnected with multiple RRUs via fronthaul links. Fronthaul links
between RRUs and the BBU pool in C-RAN structures can be established by fiber-
optic circuit based transmission, packet based Ethernet protocol, or via a wireless

channel as mentioned in [19] and as shown in Fig. Multiple RRUs connected
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to a BBU pool decrease the production cost for antenna units by considering mul-
tiple antenna units with smaller array sizes compared to a single antenna unit with
a larger array size. It could also allow for sharing resources between RRUs which
could form clusters that bring advantages in terms of load and energy [20], while
also enabling coordinated multi-point communication (CoMP) [21]], [22], [23]. Also,
C-RAN allows for distributing RRU placement in a dense way to increase through-
put [24]. C-RAN also allows for supporting numerous wireless standards that can
be used according to the requirements of users [25)]. Furthermore, software-defined
radio (SDR) technology can be used to implement hardware functions by using soft-

ware that makes central processing less dependent on hardware[19], [26].

Our premise in this thesis is that Split 7-2 offers the potential partition of precoding
operation between BBU and RRU which reduces the load on the fronthaul capacity.
However, for a single RRU, this would entail a very complex RRU structure with high
production costs as we load more functions into RRU. To address this challenge, we
consider employing multiple RRUs with smaller antenna array sizes that are realiz-
able with C-RAN and reduce RRU complexity while increasing the scalability of the
system. We also increase the number of fronthaul links to increase precoding matrix
sizes. In our work, we divide the precoding operation between the BBU pool and
multiple RRUs according to Split 7-2 for downlink operation and reduce the load on
the fronthaul. We consider a sum rate maximization problem for a fronthaul capacity
constrained wired fronthaul C-RAN with such a functionality split that serves multi-
ple users with single antennas and propose an iterative and tractable solution to the
rate maximization problem. We compare the performances of single and multi-RRU
cases and discuss the effect of increasing the number of RRUs while keeping the total
number of transmit antennas the same for a C-RAN with unconstrained fronthaul ca-
pacity and constrained fronthaul capacity to make comparisons between these cases.
We aspire to draw conclusions based on these comparisons over the performance of
our proposed method and discuss the effects of an increased number of RRUs and
fronthaul links for a fronthaul capacity constrained C-RAN system with functionality

split for the precoding operation between the BBU pool and RRUs.



Core Network

T

BBU Pool

Wireless Fronthaul

Figure 1.3: Block Diagram of wireless and wired fronthaul C-RAN

1.2 Contributions and Novelties

This thesis considers a C-RAN structure with limited fronthaul capacity and proposes
a gradient-based, tractable solution to the sum rate maximization problem. Initial
point selection, which is a critical aspect of optimization, is also addressed by drawing
insights from several works in literature which are discussed in subsequent chapters.

Our contributions to literature in this thesis are listed as follows:



1.3

We tackle the sum rate maximization problem for a limited capacity fronthaul
C-RAN system with multiple access points where a two-stage precoding ap-

proach is considered.

To simplify the optimization process, we express the sum rate maximization
problem in an easier to differentiate form by relaxing the constraints and trans-
forming the optimization variable into a vectorized expression. This transfor-

mation enhances the tractability of the problem and allows a simpler solution.

We propose an iterative solution to the rate maximization problem under limited

fronthaul capacity by employing a gradient-based method.

By systematically increasing the number of RRUs and fronthaul links, we aug-
ment the degree of freedom of our proposed method which increases spectral

efficiency.

We analyze the computational and time complexity of our proposed method
which helps to design operations by considering time and transmit data require-

ments.

The Qutline of the Thesis

In this section, we describe the outline of this thesis.

In Chapter 2, we first describe the development and properties of MIMO systems.

Then, we describe several channel models and discuss the concept of the information

about channel state in MIMO systems. We also describe the concept of precoding

and explore the C-RAN configurations with wired fronthaul links. We conclude the

chapter with a discussion on optimization criteria.

In Chapter 3, we discuss the sum rate maximization problem for a C-RAN system

with unlimited fronthaul capacity. We first define our problem and then describe

our proposed approach for the system. We also explain the initial point selection

for the proposed approach in this chapter. We conclude the chapter with complexity

calculation and discuss the results.



In Chapter 4, we discuss the sum rate maximization for a C-RAN system with limited
fronthaul capacity. We describe the problem and proposed an approach for the system
again. We conclude the chapter with complexity calculation and discussion where we

also compare the results with the previous chapter.

In Chapter 5, we conclude the thesis and talk about future work.

1.4 Notations

The notations that will be used in this thesis are as follows. Matrices are denoted
by bold capital letters so that A denotes a matrix while vectors are denoted by small
bold letters so that a denotes a vector. A~! denotes the inverse of matrix A. A’ and
A denotes the transpose and conjugate transpose of A respectively, while ¢r(A)
denotes the trace operation and a* denotes the conjugate of complex number a. E[.]
stands for expectation and vec(A) denotes a function where the columns of A are
concatenated to form a vector. ||a|| denotes the L2 norm of vector a while |.| denotes
the absolute value or L1 norm. conj(.) denotes a function that outputs the conjugate
of its complex-valued input. det(A) denotes the determinant of matrix A. [(.)]
denotes the floor function where the expression inside the parenthesis is rounded to

the closer integer that is less than its value.



CHAPTER 2

DESCRIPTION AND PROPERTIES OF MIMO SYSTEMS, CHANNEL
MODELS, PRECODING AND OPTIMIZATION CRITERIA

In this chapter, we provide an overview of MIMO systems, starting by describing
their historical development and continuing with mentioning their several properties.
Then, we talk about channel models and inspect them under several categories. We
also delve into the concept of channel state information in this chapter. The concepts
relating the signal power, noise power, interference, and the concept of precoding are
also discussed. Finally, we finish the chapter by describing several radio network

architectures and discussing several optimization criteria.

2.1 Development of MIMO system

2.1.1 History of MIMO

Wireless communication technology has been an important part of communication
technology since James C. Maxwell theoretically proved the electromagnetic theory
in 1864, Heinrich R. Hertz transmitted and detected electromagnetic waves in 1888,
and Guglielmo Marconi achieved communication with radio waves in 1895 [27].
With the invention of television and the internet, the importance of wireless com-
munication has surged. Therefore, the need for higher capacity, data rates, quality
etc. has increased [28]. Due to its numerous advantages such as simpler deployment,
lower costs, and better flexibility, the wireless communication technology has gained

more popularity [29].
Wireless technology facilitates communication through the atmospheric transmission

9



of electromagnetic signals that fall inside a particular frequency band. Frequency
spectrum is becoming more valuable as there surface various competing and comple-
mentary wireless technologies [30]. Since the available frequency spectrum is finite,
researchers are looking for methods to maximize the usage of the finite frequency

spectrum.

The discovery of antenna diversity marked the beginning of MIMO communication
which brought great advantage in making use of finite spectrum. In a radio broad-
cast experiment, engineers Harold H. Beverage and Harold O. Peterson noticed that
two receivers that were some distance apart had received a radio signal at different
strengths which led to them finding out that this was caused by fading due to multi-
path propagation and proposed a diversity system in which the received audio signals
are combined [31]. This proposed system couldn’t work without a separate receiver
for each receiver antenna and frequency-switchable radio receivers were built to in-
crease efficiency [31]. In the following years, advancements in hardware and signal
processing enabled the development of well-known diversity-combining algorithms
such as equal-gain combining, selection combining, and maximal-ratio combining

(MRC) [32].

Antenna diversity was first applied in receiver-side applications. According to re-
search by Foschini that was published in the Bell Labs Technical Journal in 1996,
increasing the number of transmit and receiver antennas have resulted in significantly
higher achieved rates compared to the scenario with single receiver and transmit an-
tenna when the channel’s characteristics are known at the receiver but unknown at the
transmitter in a fading environment [33]. The impact of using multiple receive and
transmit antennas on channel capacity over a Gaussian channel with and without fad-
ing is examined by Telatar in [34]]. The work in [35] showed that higher achieved rates
can be obtained when the information about the state of the channel is also known at
the transmitter side. When the channel parameters at the transmitter are unknown,
the authors of the study [36] presented a precoding strategy to make use of multi-path
channel attributes. MIMO systems have since played a significant role in research and
advancements related to wireless communication systems and turned from theory to
practice [4]. The MIMO technology is utilized in wireless communication schemes

such as 3GPP LTE, 4G, High-speed packet access, and 5G, and is expected to play a
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crucial role for 6G systems and beyond [37]. There are mainly two types of MIMO
systems considered which are single-user MIMO (SU-MIMO) and multi-user MIMO
(MU-MIMO).

2.1.2 SU-MIMO

Single-user MIMO systems consider a base station communicating with a single re-
ceiver. The downlink structure of a 2 x 2 SU-MIMO system can be observed in Fig.
[2.1] The channel is dedicated to only one user at a time for SU-MIMO systems. Since
the channel is reserved for a single user at a time, there can be latency when multi-
ple users try to access the same access point simultaneously. SU-MIMO systems try
to achieve diversity gain by using space-time codes and rate gains by transmitting

multiple streams over a channel [4]].

hu \ T
W

Base Station UE

Figure 2.1: SU-MIMO system structure

2.1.3 MU-MIMO

Multiple antenna access points can establish simultaneous communication with dif-
ferent users at the same time in MU-MIMO systems. It spatially multiplexes data and
enables base stations to concurrently broadcast or receive data from a number of users
who may be equipped with a single antenna or a number of them, giving rise to more
degrees of freedom. While the structure of the uplink and downlink is comparable
in SU-MIMO systems, the downlink transmission in MU-MIMO is structured differ-
ently from the uplink transmission. The uplink structure of an MU-MIMO system

with single antenna users can be observed in Fig. [2.2]
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UE,

UE,

Base Station

UEy

Figure 2.2: Uplink MU-MIMO system structure

The received signal for the system in Fig. [2.2] can be expressed as

y = Hs +n, 2.1

where y is the received vector at the base station equipped with N antennas, H =
[hih,...hy] is the channel matrix between users and the base station, s = [s1s...57]7
denotes the transmit vector that is sent by users and n denotes the independent iden-
tically distributed (i.i.d) complex Gaussian noise with CN(0, %I ) where o2 is the
noise variance. By recognizing the users as a multiple antenna transmitter transmit-
ting data to a multiple antenna receiver, it is possible to see how this system is similar
to SU-MIMO systems in construction. However, transmit antennas in a SU-MIMO
system are co-located at a single BS structure in the downlink or at the UE in the
uplink. For the uplink in MU-MIMO, the users’ antennas don’t have to be spatially
aligned as they would have if they were to be located on the same device which is
different from the SU-MIMO case. The distributed structure of the transmit anten-

nas in uplink MU-MIMO causes signals to arrive at the receive antennas from many

directions, allowing the system to function even in the absence of rich scattering.

The downlink MU-MIMO structure for a 2 x 2 system with single antenna users can

be seen in Fig. [2.3]
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i UE,

Base Station e

Figure 2.3: Downlink MU-MIMO system structure

The received signal for user u for the above system is expressed as

Y. = hfls +n,. (2.2)

For the system in Fig. [2.3] we can write a 2 x 2 channel matrix as

h h
H— 1,1 1,2 2.3)
hop  hoo.

In Eqn. Yy, 1s the received signal for user u, h,, is the 2 x 1 column vector from the
downlink channel of MU-MIMO system in Fig. [2.3]and n,, is i.i.d complex Gaussian

noise with o2 variance.

The fundamental issue with MU-MIMO is that users are often not able to cooperate
together owing to their distributed nature. If we assume that the channel H is known at
both the transmitter and receiver, while also assuming that h,, vectors for all users are
orthogonal with each other, then we can express the message vector s to be transmitted

as

S = 81h1 + Sghg. (24)

For this case, the received signal at user u can be expressed as
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Y = Dy |” 51+ 70 (2.5)

This means that we can transmit independent data streams for each user without in-
terference. For the case when h,, vectors are not orthogonal but linearly independent,
we can project them into their orthogonal subspaces and express the message vector

as

S = S§1Wq + SoWj. (26)
In Eqn. [2.6] w,, vectors stand for receiver signature vectors that lie in the orthogonal
subspace of all other h; vectors except h,,.

Then, the received signal for user u can be expressed as

Yu = hfwusu + Ny, 2.7

This means that we can also transmit streams without interference for a channel with
linearly independent columns and when the channel is known at both the transmitter
and the receiver. The multiplication by user signatures above is done at the receiver
side and can be called receive beamforming. Denoting transmit signaling vectors also

as w,, we can express the message signal transmitted from the base station as

S = S$1W1 + SHWa. (2.8)

Then, the received signal at user u for the MU-MIMO system in Fig. [2.3] can be

expressed as

U
Yy = hfwusu + Z hfwisi + Ny (2.9)
i=1,i%u
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The second term in Eqn. [2.9]stands for the interference between users. The selection
of w, vectors for transmit beamforming is important in order to decrease the effect

of interference term in Eqn. [2.9] The topic of such a selection is further explained in

Section2.4.2]

2.2 Channel Models in MIMO

MIMO systems employ a large number of antennas at the transmitter and the receiver
side. Transmitted signals experience various degradations during the transmission
over the channel. The channel between the transmitter and receivers plays a cru-
cial part in the performance of MIMO communication systems. It is an important
challenge to properly model the channel which would demonstrate the effects on the
signal according to the design needs. Channel models in MIMO systems can be ex-
plained in two parts in general which are analytical and physical channel models. An-
alytical models depend on the statistical characteristics of the channel and they are an
easy way to reproduce channel characteristics for specified design needs. Neverthe-
less, they give limited insight into overall channel characteristics. Analytical models
can be investigated by considering the statistical channel properties or propagation
framework of the system. In physical models, several parameters such as angle of
departure (AoD), angle of arrival (AoA), direction of departure (DoD), and direction
of arrival (DoA) play an important part. Although they are useful for simulations, a
shortcoming of physical modeling is that the presence of many physical parameters

makes it difficult to verify for analytical calculations.

2.2.1 Analytical Models

As mentioned above, analytical channel models try to reproduce channel character-
istics by considering the statistical properties or propagation framework. They are
useful for analytical calculations during system design. Analytical channel modeling
can be done by considering the channel correlations between the channel elements
which describe the channel properties in a statistical way. In order to construct such

a channel model, we consider channels with zero-mean circularly symmetric com-
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plex Gaussian distribution and express the channel covariance matrix for each user

equipment as

R, = E[h,h?]. (2.10)

Adjusting all h,, vectors into a single vector so that h = vec(H), we can express the

general channel covariance matrix as

Ry = E[hh?]. (2.11)

Using Eqn. 2.11]and the fact the channel is zero-mean circularly symmetric complex

Gaussian, we can express the channel distribution as

f(h) = exp(—h"Rg'h), (2.12)

7UN |RH|

for a MIMO system with N transmit antennas and U users with a single antenna
each. Since we can express the distribution of the channel by only using the channel
covariance matrix, it means that the spatial covariance matrix is a sufficient metric
to describe the statistical properties of the channel, i.e., second-order statistics are

sufficient to describe the channel [38]]. We can describe the vectorized channel as

h = Ry’g, (2.13)

where Rh/th/Q = Ry and g is arandom NU X 1 vector with zero-mean unit vari-
ance Gaussian i.i.d elements. This model could be simplified by assuming the user
channels as uncorrelated which is useful in rich scattering environments with uni-
formly distributed components as explained in [38]] or by assuming that the channel
covariance matrix can be separated by the receiver and the transmitter correlation
matrices as in the Kronecker model that was developed under the smart antenna tech-

nology in universal broadband wireless networks (SATURN) project as explained in
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[39]. We consider a general correlated channel model as in Eqn. [2.13] for the initial
point selection as will be explained in Section[3.3] Analytical modeling can also be
done by considering the propagation framework as in the finite scatterer model and
maximum entropy model. Since we don’t use these models in our work, we don’t
delve into their explanation. One could refer to the works in [39] and [40] for more

information about different analytical channel models.

2.2.2 Physical Models

As explained at the beginning of the section, physical channel modeling aims to char-
acterize the channel in a MIMO system in terms of physical parameters such as AoDs,
Ao0As etc. Physical channel modeling can be done by considering three-dimensional
measurements [41]], geometrical characteristics of the environment such as the distri-
bution of scatterers as in [42]] or by considering the multi-path elements as clusters as
in [43]] which is called as the Saleh Valenzuela model. Saleh Valenzuela model that is
first proposed in [43] considered the propagation only in the elevation plane, hence;
it didn’t contain information about AoAs and AoDs. This model was extended in the

work [44]] to also include information about AoDs and AoAs.

In [41], the discrete impulse response for this channel model is expressed as

h(t) = Bre!™6(t — 7). (2.14)
k

In Eqn. 2.14] k stands for the multi-path number, [y, is the path gain for the multi-path
k, 7 is the propagation delay for the multi-path k and 6y, is the independent uniformly
distributed phase shift over the (0, 27) interval. This model was also standardized in

[45]] as a narrowband model for a clustered environment as

NN,

H =
NclNray

Z i i A (9, 07) Mi (0, 0)an (07, 07 ) (07, 07). (2.15)
il

In Eqn. 1 is the cluster number, [ is the ray number, V; is the transmit antenna

number, NV, is the receiver antenna number, /N is the number of clusters, N, is the
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Transmit array

UE,

Figure 2.4: Visual representation of the clustered channel model for our simulations

number of rays, «;, is the complex path gain of the ray [ in cluster ¢, ¢!, and ¢/, are
the elevation AoDs and AoAs and 6!, and 67, are the azimuth AoDs and AoAs respec-
tively. A,.(¢%, 65) and A,(¢l,, 0% are functions that denote the receive and transmit
antenna gains respectively. a, (¢}, 07,) and a;(¢l,, 0%,) are the array response vectors
for the receiver and transmitter. In [45]], the array response vector for a uniform linear

array (ULA) with [V antenna elements is expressed as

2771- . . _ 2771— .
[]_,GJ 5% dsm¢>7 .”’ej(N 1) dsmd)]T

a(p) = , (2.16)

-

where ) is the wavelength and d is the antenna spacing which can be chosen as \/2

for half wave spacing.

In our simulations, we use a simplified version of this clustered channel model as in

the work [46]. The visual explanation of our model can be seen in Fig.

In our channel model, we don’t consider the distance between the users and the trans-
mit antennas or the location and the number of clusters as in Fig. [2.4] We just assume
that all users in the cell area experience the same amount of attenuation. The au-
thors in [46] consider only AoDs while constructing the channel, however; we only

consider AoAs for users while constructing the channel model between the users and
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transmit antennas. We express the channel model between a user » and the transmit

antennas that we use in our simulations as

Lp
h, =) eald), (2.17)
=1

where Lp denotes the total number of multi-paths, €; is a zero-mean unit variance
complex Gaussian channel gain for i’" path, and the array response vector for ULA

with half-wave spacing at RRUs is given by

a(e;) = [1 pImsin(¢i) g2msin(gi)  Li(N—D)msin (<¢>i)]T7 (2.18)

where ¢; is the Laplacian distributed AoA for the i path, following a common ap-

proach to the model in [46].

2.3 Channel State Information in MIMO

The availability of channel state information (CSI) affects the channel capacity as
explained in [47]. Therefore, it is an important concept when designing systems
that align with present conditions. The different types of CSI include perfect CSI,
statistical CSI and hybrid CSI which are explained below. For the discussions below,

consider a narrowband flat fading channel as described in [48]] such that

y = Hx + n, (2.19)

where y and x denote the received and transmitted signal vectors respectively, H
denotes the channel matrix and n denotes the noise vector with zero mean complex

Gaussian CA (0, Q) distribution where Q is the noise covariance matrix.
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2.3.1 Perfect CSI

Perfect CSI or instantaneous CSI assumes that instantaneous channel information is
known. This corresponds to the knowledge of impulse response such as in Eqn.
in wireless systems. In ideal conditions H in Eqn. 2.21]is known perfectly; however,

the channel can be expressed due to estimation errors as [49]] so that

UeC(Hestimate) - CN(U@C(H), Rerror)a (220)

where R., .- 1S the covariance matrix of estimation error and H s ;qe 1S the esti-
mated channel. The works such as [S0] and [51] assume perfect CSI knowledge.
In [S0] a low-complexity hybrid precoding scheme is considered for the perfect CSI
channel type. In [51]], the authors consider a single-user massive MIMO system and
propose a precoding scheme to reduce the number of active RF chains needed to
approach capacity for a perfect CSI type. Although this type of CSI is unrealistic
and complex to implement in real-time applications, it provides a useful approach for
theoretical analysis and the results obtained from such works can be applied to an

imperfect CSI type with some modifications.

2.3.2 Statistical CSI

In statistical CSI, the statistics or the long-term knowledge of the channel is known
instead of the instantaneous information. The systems with this CSI type can employ
channel models such as the correlated channel model that we described in Section

[2.2.1] In [52], the channel information for this type of CSI is represented as

vec(H) =CN(0,R), (2.21)

where R is the channel covariance matrix. Works in [53}, [54]] consider statistical CSI.
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2.3.3 Hybrid CSI

In real-time applications, the most common way of obtaining CSI is done by sending
pilot signals to the transmitters and estimating the channel at receivers. This esti-
mation is later sent to transmitters via feedback. Because of these procedures, there
can be imperfections in CSI due to noise, fading or there can be no information at
all. Because of this, there can be several kinds of imperfect CSI types. One of these
CSI types is the Hybrid CSI where only the distribution of channel and instantaneous
observed channel information at the transmitters are known. Works in [55]],[46] and

[S6] consider such a CSI type.

2.4 Concepts of SINR and Precoding in MIMO

24.1 SINR in MIMO

In this part, we explain the signal-to-interference-noise power ratio (SINR) notion
which is used in rate expressions for MIMO systems. To better understand the con-

cept, observe the downlink MU-MIMO system in Fig.

UE,
Ws
s > UE,
- UEy
Base Station

Figure 2.5: Downlink MU-MIMO system with single antenna users with interference
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In Fig. [2.5] the zero-mean, unit variance message vector with independent elements
s = [s189...sy]7 is weighted at BS with beamforming matrix W = [w;w,...wy]
where each w,, is the beamforming vector for user u and transmitted over a channel
H = [h;h,...hy] and received as y,, at user u. The received signal at user u can be

expressed as

yu = hWs +n,, (2.22)

2 variance for all user

where n, is the zero-mean complex Gaussian noise with o
elements. We have h” as conjugate transpose for the mathematical representation in
Eqn. [2.22] since we have defined h,, vectors as column vectors. The expression in

Eqn. can be expressed in a more expanded form as

Yu = hfwusu + hf i W;S; + Ny, (2.23)

i=1,iu
The first term at the right-hand side of the equation in Eqn. [2.23]is the desired signal
while the second term is the interference due to the presence of multiple users. With-
out interference, the metric that established the relation between the signal power and
the noise power is called signal-to-noise ratio (SNR). The effect of interference is
reflected in SINR, which establishes a relationship between the power of the desired

signal and the power of the noise combined with the interference power as

H
‘hu Wy,

U 2 :
Zi:l,i;ﬁu [hiw;|" + o2

‘ 2

SINR,, = (2.24)

SINR is an important metric for the discussion of optimization problems in MIMO

systems which is discussed in Section [2.6]

24.2 Precoding in MIMO

In the previous parts, we talked about the multi-user interference in MU-MIMO sys-

tems and SINR expression. We have also talked about how user rate is an important
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metric to improve the quality of a communication system. Assuming all the signal
terms are Gaussian distributed, we can express the rate expression for user u in a

downlink MU-MIMO system such as in Fig. [2.5]as

Rate, = log, [1 + SINR,]. (2.25)

Therefore, decreasing the effect of interference or increasing the effect of signal
power in SINR expression (Eqn. [2.24)) is beneficial in order to increase user rates.
Precoding is a signal processing technique that can be used for maximizing user rate.
The selection procedure of beamforming vectors w,, for user v that maximizes SINR,,
in Eqn. [2.24] can be considered as precoding. In the following part, we describe the
concept of beamforming and mention several precoding techniques from the litera-

ture.

24.2.1 Beamforming in MIMO

Beamforming is the process of shaping the radiation pattern of the signal during the
transmission to concentrate in a particular direction in order to reduce interference

and

Desired direction
of the received signal

9] .
P4 - % . o®
ES . :
20 S : =z
s : A W o
- < j . os
L : &=
@ L
[l
N z
Base Station M
Desired direction Receiver

of the transmitted signal

Figure 2.6: Concept of beamforming in MIMO
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increase signal power at the receiver. The concept of shaping the signal is illustrated
in Fig. 2.6

The direction finding in Fig. [2.6] could be done by using phase shifters or using
digital signal processing techniques in the digital domain. Manipulating the phase
and amplitude of the signal via analog components is called analog beamforming and
using digital signal processing techniques to manipulate the signal at the baseband is

called digital beamforming.

24.2.1.1 Analog Beamforming

Analog beamforming refers to the manipulation of the phase and amplitude of the
signals by using RF equipment in order to produce the required directivity as in Fig.

[2.6] A simple phase-shifting approach to produce directivity is illustrated in Fig.

—> 2

Tx —» 3%

)4@#

—» 50

Figure 2.7: Analog beamforming by phase shifting
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In Fig. ® is the phase angle and it can be selected as in Eqn. [2.16] so that
¢ = QT“d sin # where d is the antenna spacing and can be chosen as % for a wave-
length of A\. The beam pattern and direction are adjusted by using the fact that in-
phase RF signals are added constructively while out-of-phase RF signals are added
destructively [S7]. Although analog beamforming introduces a low complexity and
low power consuming approach to produce directivity, some important challenges for
this type of operation include difficulty to adapt beamforming weights depending on

changing channel conditions and user locations [46].

2.4.2.1.2 Digital Beamforming

As explained in the previous part, systems using analog beamforming face challenges
trying to adapt to changing channel conditions and scenarios where there are specific
user locations. It is more preferable to use Digital beamforming for MU-MIMO sys-
tems, especially in environments where dynamic control and precise adjustment of
beam patterns are important. The structure of the digital beamforming approach can

be seen in Fig. [2.8]

Y

Y
. D/A RF Chain 1

N, : #ofstreams . Digital Signal Processing

N =it

h 4

BASE STATION

Figure 2.8: Digital beamforming in Downlink MIMO

As shown in the figure, the processing of signals is done digitally at the base sta-
tion for digital beamforming. The signals are then converted to analog RF waves for
transmission in the downlink operation. As it can be seen in Fig. [2.8] each antenna

element requires its own RF chain for digital beamforming operation. Although dig-
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ital beamformers can do the job of analog beamformers, the large number of antenna
elements needed for massive MIMO systems could create cost problems for digital
beamforming operations. Therefore, some functional splits could be performed at the
base station as a measure to mitigate this problem [56]. Hybrid beamforming schemes
have been proposed in the literature that utilizes digital beamforming for baseband
operations and analog beamforming for RF operations by means of functional splits

[S6]1,[501, [S11, [S3], [46].

2.4.2.2 Precoding Algorithms from Literature

In this part, we describe existing precoding schemes that are widely used in the liter-
ature. The schemes that we mention are maximum ratio transmission (MRT), ZF and
MMSE algorithms respectively. Since we only use MMSE algorithm in our thesis,
we discuss ZF and MRT approaches briefly.

MRT precoding is a low-complexity algorithm that is used commonly. It basically
chooses the beamforming weights from the conjugate transpose of user channels
under the assumption that the transmitter has the perfect channel knowledge. This
scheme could eliminate the interference if all the user channels are orthogonal to
each other; however, it doesn’t perform well compared to other schemes when this is

not the case as it is shown in [58]].

In the ZF precoding scheme, we try to project the beamforming vectors onto the or-
thogonal subspaces of the user channels other than the user that they are associated
with. The precoding matrix for this scheme consists of the pseudo-inverse of the
channel when the channel information is known at the transmitter. Although ZF pre-
coding is simple to implement, it performs poorly, especially at low SNR as shown in

[S8].

For MMSE scheme, the orthogonal projection constraint in ZF precoding is relaxed
and a "regularization" has been introduced into the channel inversion to improve per-
formance as shown in the work [59]. This scheme is also called the regularized zero-
forcing (RZF) method. The beamforming matrix for a downlink MU-MIMO system
like in Fig. for this scheme from [S9] expressed as
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Wirnse, = HZ(HHY +15)7% (2.26)

for an MU-MIMO system with N transmit antennas.

By using the matrix identity [60]

1

A'B(I+BTA'B)' = (A +BB") 'B, (2.27)

we can write an equivalent expression to Eqn. as

Wirnses = (HH + 1) "HY, (2.28)

for a MIMO system with U users.

The work in [S8]] shows that MMSE precoding outperforms MRT and ZF precoding
schemes in terms of achievable rate performance. It is a useful scheme when having
functional splits for MIMO precoding operations [56, 46l]. In our work, we also
consider a functional split for the precoding so that we employ two precoding matrices
and use the MMSE method to construct one of the precoding matrices when the other

precoding matrix is given.

2.5 Radio Access Networks and Development of C-RAN

In Section [2.1] we have talked about how the development of MIMO revolutionized
wireless communication systems in order to meet ever-increasing demands. The evo-
lution of communication systems with each generation has brought the need for more
flexible communication network types [61]. In this section, we talk about different
RAN types and the development of C-RAN through the discussion of C-RAN systems

with wireless and wired fronthaul.
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2.5.1 Massive MIMO with Traditional Base Station

In this subsection, massive MIMO systems with traditional base stations are de-
scribed. The development of MIMO systems was described in Section 2.1] With
massive MIMO, the number of antennas in a system could exceed 64 antennas [62].
The configuration of a typical base station with a massive MIMO system that serves
multiple users with single receives antennas can be seen in Fig. [2.9] In this structure,
both the baseband and RF processing operations are done in a co-located fashion and
the modified data is sent to the passive antennas via a coaxial cable to be transmitted

to a total of U users over a wireless channel.

The list of variables used for equations in this subsection and their explanation can
be found in Table 2.1l We have changed the notation for the beamforming matrix
from W which is commonly used in literature to F' from here on in order to avoid

confusion for the later parts of the thesis.

= : Coaxial cable

Passive Antennas (N

Baseband and RF processing

Figure 2.9: Traditional BS structure in a macro-cell area

In Fig. [2.9] the message symbols transmitted from BS to UEs in the downlink op-
eration are denoted by a vector s = [s1s5...5y]7 € CY which has generally inde-
pendent elements with unit energy. The channel between BS and w-th user is de-

noted by a vector h, € CV which constructs the columns of total channel matrix as

H = [h;h,.. hy] € CV¥U,
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Table 2.1: List of notations for Subsection[2.5.1

Notations Explanation

U Number of UEs

N Number of BS antennas

Su Message component for UE u
S Message vector

oM Noise component for UE

n Noise vector

h, Channel between BS and UE u
H Channel between BS and UEs
f, Beamforming vector of UE u
F Beamforming matrix

The received signal for the system in Fig. [2.9|can be expressed as

y = HFs + n,

(2.29)

where F = [fif;...fy] is the beamforming matrix in BS and n is the noise vector

which generally follows a circularly symmetric zero-mean Gaussian distribution with

identity covariance matrix.

The received signal for the u-th user can be expressed as

U
yu=hfs,+ > hl'fis;+n,,

i=1,i#u

(2.30)

where f, is the beamforming vector between BS and user u and n, is the corre-

sponding noise component. In multi-user MIMO systems, many users’ data streams

are transmitted through the same frequency which improves capacity and through-

put. Beamforming is used in massive MIMO systems by exploiting a large number

of transmit antennas to direct the signal in a certain direction by weighting the signal

elements of antenna arrays [63]].
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2.5.2 Distributed RAN

In this part, we describe a radio network that functions in a distributed manner for
baseband and RF operations called distributed radio access network (D-RAN). The
general configuration of a D-RAN architecture can be seen in Fig. [2.10]

== Fiber-optic cable

RF processing

Backhaul

Baseband processing

Core Network

Figure 2.10: D-RAN structure

In Fig. [2.10] BBU where the baseband processing is done is connected to the CN
via the link called backhaul which can be wired or wireless depending on the design
needs. For this architecture, baseband operations and RF operations are separated
between BBU and RRU which can be connected by a fiber-optic cable different from
the structure in Fig. [2.9] This configuration allows for the splitting of the beamform-
ing operation between BBU and RRU. With this separation, hybrid beamforming
schemes where the digital beamforming is done at the BBU and analog beamforming
is done at RRU is possible as shown in [46]. The received signal for a system where
a BS is equipped with N transmit antennas that are linked to U users with single an-
tennas as in Fig. 2.10]is expressed in Eqn. [2.31] The notations and their explanation
for this part can be found in Table 2.2



y = HFprFpps +n. (2.31)

Table 2.2: List of notations for Subsection[2.5.2

Notations Explanation

U Number of UEs

N Number of BS antennas

Su Message component for UE u
S Message vector

Ny, Noise component for UE u

n Noise vector

h, Channel between BS and UE u
H Channel between BS and UEs
feB.0 Digital Beamforming vector of UE u
Fpp Digital Beamforming matrix
Frr Analog Beamforming matrix

Here, Frr and Fp are the beamforming matrices for the analog beamforming and
digital beamforming operations which are explained in Subsection Similar to
the previous part, message vector s has independent and unit energy elements while
noise vector n is circularly symmetric Gaussian with zero-mean and identity covari-

ance matrix. The received signal for the user u can then be expressed as

U
Yo = W Fppfpp s, + Z W Fprfppisi + n,. (2.32)

i=1,iu

As explained in [46], the splitting of functions between analog and digital beamform-
ing reaches close to the fully digital beamforming performance with reduced cost.
However, with the developments in hardware, future applications are more prone to
be done digitally implemented which would be utilized in new types of network ar-

chitectures for better results [64]].
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2.5.3 Centralized RAN

The research for more flexible radio access networks has led to the introduction of
C-RAN where BBUs are centralized in a BBU pool or cloud. The BBU pool is
connected to RRUs via the link called fronthaul which can be wired or wireless as
shown in Fig. [[.3] In this section, we mainly talk about a standard C-RAN system
with wired fronthaul links since we also use wired fronthaul C-RAN in our work.
With the split between the BBU pool and RRUs in C-RAN, the precoding operation
can be distributed between them to share the work and provide flexibility. With the
improvements in hardware devices, it is also possible to conduct digital beamforming
in RRUs along with BBU pools [64]. The basic structure of the system where multiple

RRUs serve multiple users with single antennas in a distributed MIMO fashion can

be seen in Fig.

In Fig. 2.11] red lines correspond to the fronthaul links between the BBU pool and
RRUs. The precoding is divided between the BBU pool and RRUs for this part as F;
and F', respectively. The list of variables used for equations in this subsection and

their explanation can be found in Table[2.3]

The arrows in Fig. 2.1T|correspond to the channels between RRU m and UE u which
is denoted by h,,, € CV. The channel between UE u and RRUs is denoted by
h, € CY which concatenates h, ,, vectors as a column vector and constructs the
columns of channel matrix as H = [h;h,...hy|. The received signal for the u-th user

in such a system can be expressed as

Y, = hl'FoF s +n,, (2.33)

where n,, is circularly symmetric unit variance zero-mean complex Gaussian noise
element for UE w. In Eqn. [2.33] F; and s contains elements for both user v and
other users. This creates interference in the received signal. Received signal with this

interference can be expressed as
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== Fiber-optic cable

Fronthaul

Backhaul

Core Network

Figure 2.11: Wired fronthaul C-RAN structure

U
— hIF.f hI’F £ ;5 2.34
Yu = u £ 211 4S5y + u * 2 1,iS4 + Ty, . ( . )
——— = ~—~
Desired signal =1iFu , Thermal noise
inter ference

Here, the desired signal is composed of the user message signal and the beamforming
vector for the u'" user. The interference component contains signal components and
beamforming vectors for other users. In our work, we consider a wired fronthaul
C-RAN system with capacity limitations on the fronthaul links. Wireless fronthaul

C-RAN is out of scope for this thesis, however; interested readers may refer to the
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Table 2.3: List of notations for Subsection [2.5.3

Notations Explanation
U Number of UEs
M Number of RRUs
N Number of antennas per RRU
N Total number of antennas
Su Message component for UEu
S Message vector
Ny, Noise component for UE

wm Channel vector for RRU m and UE u

" Channel vector for UE u

Channel between all transmit antennas and UEs

fi. Beamforming vector of UE u at BBU pool
F, Beamforming matrix for BBU pool
F, Total beamforming matrix for RRUs

work in [65]].

2.6 Optimization Criteria

The beamforming structures described in the previous parts can be designed to satisfy
several optimization criteria. The aim of the optimization could be maximizing user
rates to improve service quality, minimizing transmission power to use energy more
efficiently, choosing which users to serve during a certain time or jointly designing

an optimization problem that takes multiple criteria into account. In this section, we

describe some optimization criteria that are widely used in literature.

2.6.1 Rate maximization

One of the goals of constructing systems such as massive MIMO systems is to in-

crease the data rates for users. For this criterion, the rate can be maximized under
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constraints such as power constraints or capacity constraints. Some approaches to
increase the data rate in the system would be to consider the SINR expression and de-
crease the interference, or consider maximizing the summation of the rate expressions

for all users. Several means to maximize the rate are mentioned below.

2.6.1.1 SINR maximization

In Section|2.4.2] we have mentioned that the rate of a user for massive MIMO systems
is proportional to their SINR values. Therefore, increasing SINR for a specific user
also increases the rate for that user. However, for the multi-user case, constructing
a beamforming scheme to increase the SINR value for a specific user may cause
degradation for another user and not necessarily increase the sum rate. A common
approach that is used in literature against this kind of situation is to maximize the
minimum SINR of the users. The papers [66] and [67] consider this approach while

designing beamforming matrices.

2.6.1.2 Sum Rate Maximization

The rate expression for a single user is given in Eqn. [2.25] Summation of these rates
for all users gives us the maximum amount of data that we can transfer per second
on a unit bandwidth which is also called the spectral efficiency. The sum rate is an
important indicator of the performance of a system. The works [56], [68] and [69]
consider this maximization criterion under such constraints. In our work, we also

study a sum rate maximization problem under limited fronthaul capacity constraints.

2.6.2 Transmit Power Minimization

Optimizing power allocation and designing the precoding matrix accordingly can im-
prove the energy efficiency of a communication system. Therefore, the selection
of beamforming weights minimizing transmit power and optimized power allocation
under a lower bounded SINR value has been under research in the literature. The

works [70] and [71]] consider such an optimization criterion under limited SINR for
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MIMO systems. We don’t use this optimization criterion in our work but it may be

an interesting field for future studies.

2.6.3 Admission Control

The performance of a system could be improved by serving only a limited number of
users at a time. This is done by selecting the maximum number of users that can be
served by considering an SINR threshold and rejecting the users below this threshold.
In the literature, an example of an approach considering this criterion can be found in
[72]]. Although the user admission criterion is not considered for our work, it might

be considered in future works to get better insight into our topic.

2.6.4 Joint Optimization

Another type of optimization criterion could be to include several criteria such as
power minimization and admission control etc. in a single objective function and
jointly optimize them under the specified design needs. The work in [73] considers
a transmit power minimization problem that is jointly optimized with the number of
users that are served. It might be used for our approach in future works where jointly

optimize the criteria that we have mentioned previously.
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CHAPTER 3

SUM RATE MAXIMIZATION UNDER UNLIMITED FRONTHAUL
CAPACITY

In this chapter, we address the sum rate maximization problem without considering
the fronthaul capacity limitations. We first examine a downlink wired fronthaul C-
RAN system that is explained in Section [2.5.3] and describe the problem definition.
Then, we explain our proposed method for the solution of the sum rate maximization
problem without fronthaul capacity constraints. We conclude the chapter by describ-
ing an approach from the literature that is important for initial point selection for the

proposed approach and discussing the results by presenting our key findings.

3.1 Problem Formulation

N antennas per RRU

f1,131

O—

fiusu

BBU pool
(Fq)

Figure 3.1: Block structure of downlink wired fronthaul C-RAN with unlimited ca-
pacity
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For the problem definition, we consider a downlink C-RAN system with L active
wired fronthaul links between each RRU, M RRUs in total, and a BBU pool. The

block structure for the considered system can be seen in Fig. [3.1]

In our work, we split the beamforming operation between the BBU pool and RRUs as
F, € CEMXU for the BBU pool and Fy € CV*(EM) for RRUs, where F,,, € CV*F
is the beamforming matrix for RRU m. To incorporate all F'5 ,,, matrices in a single

matrix, we express Fs in a block diagonal form similar to [S6] as

Fy»
(3.1

©c o o O

©c o o ©

Fo v

We construct the beamforming matrix Fy at RRUs only to find the initial point for
our proposed method as we will describe in Section [3.3] and we construct it at the
BBU pool with our gradient-based method as we will describe in the next section
and send the relevant F'; ,,, matrices to corresponding RRUs from the BBU pool after
gradient-descent process is complete. After finding an F5, we find F; by using an

MMSE approach as in Eqn. [3.2]

After beamforming in the BBU pool and RRUs, the message symbols are transmitted
over a wireless channel H = [hihy..hy| € CN*U with zero-mean and circularly
symmetric Gaussian elements similar to the model in Section [2.2.1] Given the beam-
forming matrix Fy in RRUs that is found as will be explained in Section and
Section we express the beamforming matrix F; in the BBU pool in an MMSE
form similar to Eqn. [2.28]in Section [2.4.2.2] by assuming that, instead of the chan-
nel H, the BBU pool utilizes the instantaneous processed channel after precoding
in RRUs where H = H'F, so that the precoding matrix in the BBU pool before

normalization is expressed as

—1
F, — [FfHHHF2+U%ILMxLM] FIH . 3.2)
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In our work, we assume that the power transmitted to user v from RRUs is equal for

all users and divided equally from the total power budget F,,;,; Watts. Therefore, we

choose the beamforming matrices that satisfy ||Faf; o||* = 1. To have this equality,

we scale the columns of F'; with F5 so that

fl,u

for all u values and obtain F;.

flu

)

\/(F2F1,u)HF2fl,u

Placement of each f} (), in F is shown below as

Fy

A list of notations for the considered approach can be found in Table[3.1]

fl,(l,l),l
fi,a.2)1

fia,nn
i1

| f1.0u,0)

f17(171)12 f1,(1,1),U

fioenye - o fuonnw

(3.3)

(3.4)

We first consider the received signal for UE w that is jointly served by all RRUs in

a cell area in a distributed MIMO fashion similar to y,, in Eqn. [2.34] with a message

vector s with zero mean and unit energy message symbols. We apply a total power

budget of P, to the system and divide the total power equally among the users as

mentioned before. Then, the received signal for the UE w« in the system for this part

is expressed as

/Poa | L tota
ttthFgfluSu ttthF2 Z fl’LS’L

Deszred signal

i=1i#u

1nterference

39
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Table 3.1: List of notations for Sections and

Notations Explanation
U Number of UEs

M Number of RRUs

L Number of fronthaul links per-RRU

N Number of antennas per RRU

N Total number of antennas

o? Noise variance

Su Message component for UE «

S Message vector

h, ., Channel vector for RRU m and UE u

h, Channel vector for UE u

H Channel between all transmit antennas and UEs

J1,(m) Beamforming element of F; corresponding to /*" link of RRU m and UE u

Fin Beamforming matrix in the BBU pool corresponding to RRU m
F, Beamforming matrix in the BBU pool

£2.m. [*" column of Fy ,,

f2m Vectorized form of Fy ,,

Fy, Beamforming matrix for RRU m

F, Aggregate Beamforming matrix in RRUs

Then SINR expression for the UE w is expressed as

2
Piotal
U

h{Fofy,

SINR,, = (3.6)

2 )
Ptotal U 2
U Zizl,i;ﬁu +o

huHFQfl,i

where o2 is the variance of the zero-mean circularly symmetric Gaussian noise com-
ponent in Eqn. [3.5]that is equal for all users and power terms are expressed in Watts

inside SINR. Then, we can express the rate for UE u as
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Rate, = log,(1 + SINR,,). (3.7

Our maximization criterion is to find a matrix F'; that maximizes the sum rate of users.

Without fronthaul capacity constraint, the maximization problem can be expressed as

(P1) max SV Rate,, (3.8)
2

s.t. Zr]\r/zl:l tr(Pt(OJtal (F2,mF1,m)HF2,mF1,m) = Piotar - 3.9)

Here, we utilize all of our available transmit power budget as can be seen in Eqn

and RRUs distribute the available power budget arbitrarily among themselves.

3.2 Proposed Approach for Unlimited Fronthaul Capacity

In this section, we propose a gradient-based approach to solve (P1). As we have men-
tioned in Section|l.1} we try to find a differentiable solution to the sum rate maximiza-
tion problem. In this thesis, we consider a gradient ascent based approach. However,
one should keep in mind that this is equivalent to the gradient descent approach that is
commonly found in literature if we consider the negative of our maximization prob-
lem and decrement the step size for every update. The minimum value for such a
gradient descent based approach would be equivalent to the maximum value in the
gradient ascent approach. Therefore, we express the equations in a gradient descent
way since it is more common in the literature. To make the problem differentiable,
we first need to transform the SINR,, expression in Eqn. [3.6]into an infinitely differ-
entiable form with respect to the elements of F» and express the constraints with the
maximization problem in a single differentiable expression. Since our idea of shift-
ing the constraints into the main problem was based on the smooth constraint-free
approximation (SCFA) approach in [[/3], we denote our approach as SCFA during
simulations. Due to the block diagonal nature of F5, it is hard to differentiate Eqn.
while F; is in a matrix state. Therefore, we express F5 in a vector form and denote
it as f; and state Eqn. in an equivalent expression consisting of f;. We describe

the columns of Fy ,,, as
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F2,m - [f2,m,1f2,m,2- -~f2,m,L] )

and we concatenate the columns of F; ,,, as

_[¢T T T T
f2,m - [fQ,m,1f2,m,2"'f2,m,L] :

(3.10)

(3.11)

Vectorized form of F'5 consisting of its nonzero elements is then expressed as

£, = [ 67,60, ]".

We then express SINR,, in Eqn. [3.6 with vectorized f; as

HAHWH
SINR. — £ AYbIb, A

(3.12)

U
Zi:u;éu ffAfbebiAu& + Piota

where

~ =~ —~

L—times L—times L—times

by = [f1,0,1),u f1,1,2) 05 - S1,00,0) 0 |-
——— —— ——

N—times N—times N—times

Then, we can express the rate in Eqn. 3.7] as

fATHHED, A L.
Rate, = log,(1+ 2 v 2

UO'
tal

(3.13)

9 Y

(3.14)

Ptotal
U H A Hy.H U 2
Yy i BT AL AL + 50 +

Zzyzl,iyéu £ AIbI b Aufy + 57—02

)

£ AHpH buAqu)

= lo
sl St ise FTAEDI DAL, +

U

= logy(d>_£'ATbIbA L +
=1
U

— logy( Y £'AUDIbAL +

i=1,iu

o?)

total

a?).

total
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Equivalence of Eqn. and Eqn. [3.15]is shown in Appendix [A] The expression in
Eqn. is infinitely differentiable with respect to fif. We assume perfect CSI
for gradient operations. Now, we consider a per-RRU power transmit constraint
tr(FomF 1) FomF1m) < P rru, where P gpy = %, and transform it into
a form that is differentiable with respect to f/f . We can express this constraint in a

differentiable form as

tr(Enfyvec(D,n)") " Epfovec(D,y)"
r(Emfyvec( m)L) mbyvec(Dr) )SPt,RRw (3.16)

where

C, = diag(0um-1)1.0n—m)L),
D,, =C,Fy, (3.17)

E, =diag(0um-1)nrInzOn—m)NL)-

The equivalence of the above expression and Eqn. [3.9]is explained in Appendix [B]
Now, we use the fact below to shift the per-RRU power transmit constraint into the

equation of the main problem.

0,if <0

Fact1:ea — as a— 0. (3.18)

oo,if >0

To use the fact in Eqn. [3.I8] we try to express the constraint in Eqn. [3.16]in an

exponential form. To achieve this, we consider the expression below

M

tr((Epfavec(D,, ) E,, fovec(D,,)T) — LP, rru
o= m Y e it )
M
tr((vec(D,,) I EHEZE,, fovec(D,,)T) — LP; rru
= n : 3.19
m m§_1 exp( 7 )(3.19)

When we consider the expressions in Eqn. [3.18] and Eqn. [3.19] Eqn. [3.19] tends
to 0 if the per-RRU power constraint in Eqn. is satisfied and tends to (co) if
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the constraint is not satisfied for a positive valued 7;. Therefore, when we transfer
the constraint into the main maximization problem and the constraint is satisfied,
the expression in Eqn. [3.19]is O for small positive o. When the constraint is not
satisfied, the expression in Eqn. [3.19]is co and since we consider a maximization
(minimization in the descent sense) problem, an f, that would yield this result would
not be considered as a solution. Therefore, this operation would transfer the constraint

into the main problem while also maintaining its function.

After transferring the constraint into the main problem, we can express the term to be

maximized in Eqn. [3.8 with constraint in[3.9]as below.

U U
T, = —> [log,(d £ ANDI DAL +

u=1 i=1

o?)

total

o))

— log,( Z fTATbAb, A f, +
1=1,i#u
(D HEHREHE, f. D,,)") - LP,
7712695? (vec( )) 2 L yvec(Dy)") t,RRU
al

total

)(3.20)

Now, the expression in Eqn. [3.20] which corresponds to the maximization problem is
differentiable with respect to fi7. We can express the gradient of T, in Eqn. with

respect to fF as

V:

_Z L AHbIb, AL,
fHAHbeA ufo + o?

Pttl
Zz lzséuAHb bA f2 ) (3 21)
S I#UfHAHbeA f, + 5°—0” '

conj(vec(D,,)vec(D,, fTETTncon'Em
31 i eecD) D) T B cons (B

al

m=1

where I',, is defined as
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tr((vec(Dy, ) HHETELE,, fvec(D,,)T) — LP; rru

r,, =
al

(3.22)

Our proposed approach is a gradient-based iterative method where the gradient is

taken with respect to f5 and it is updated as

f2(t+1) _ f2(t) _ M(t)v(fz(t))- (3.23)

In Eqn. we update f; in a decremental way with a vector V(.) which is the
gradient vector in Eqn. that takes the value of f; at iteration ¢ as input. Here,
u is the step size which should be adjusted properly for convergence. It can be
selected as a constant or it can vary during each iteration for better convergence. One
of the methods to choose 1*) for each iteration is explained in [74] which results in

the below expression for the step size in our approach.

o (65160

— (OVO)Hsv @) 629
where
ofy) = £ — £,
VO = V(D) — (). (3.25)

The description of the proposed approach in algorithm form is given in Algorithm

The verbal explanation of Algorithm |1|is that we first initialize the vector fQ(O),
which also determines F§°> by arranging the corresponding elements of f. (0), with the
approach that is described in Section H Then, we find the corresponding F§°) by
using Eqn. [3.2]and calculate T\ i

g Eqn. |3.2|and calculate T, from Eqn. [3.20l Next, we update f; by using Eqn.
and calculate Fgl) with updated F5. We continue the iterations until ¢ = ¢,,,,,
as specified in Algorithm or the difference between Tgtﬂ) at iteration (t+1) and the

value of T; from previous iterations up to 15 previous iterations is greater than 10°.
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If this difference is less than 10, we assume that the convergence is achieved and
stop the algorithm. We use the final F'; and F'; matrices as the beamforming matrices

for our approach.

The selection of the starting point, that is f. (0), is an important point to consider for a
better convergence. In the next subsection, we describe a method from the literature

for the initial point selection.

Algorithm 1 Finding F, that maximizes negative of 3.20| with proposed approach

Step 1, Initialization: Set the initial point f2(0) as found by the approach in Sec-
tion[3.3| Define: a = 107% 1, = 1.5, A = 15, 0, = 1500.
Step 2, Gradient Descent:
1: fort =0tot,,,, do
2. Find gradient V(fQ(t))
3. Find step size ;1) from Eqn. [3.24]

4:  Update beamformer : f2(t+1) = fg(t) - ,u(t)V(fét))

(t+1)

s:  Set corresponding elements of fQ(tH) as columns of Fy

6:  Update Fg”l) according to Eqn. and Eqn.

7 ( max T — T < 10-5) then
8: tmaz = Us

9: break

10:  end if

11: end for

12: f5 = fétmaz)
13: Set corresponding elements of f5 as columns of F'5 ,,
14: Fy = F{me)

15: return Fo, Fy

3.3 Exploiting Channel Covariance Matrices for Initial Point Selection

The proposed approach in the previous section updates fQ(t) at each iteration. We can
select the starting point f2(0) as random for convenience. However, selecting a specific

initial point with proper considerations could lead to faster convergence. Therefore,
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the selection of an initial value féo) is an important aspect that affects convergence in
the proposed approach. In this section, we describe the selection of such an initial
point. The selection procedure is based on the works from the literature [56], [46] for
the proposed approach described in Section[3.2] The system that is considered for the
work in [46] is a BS with separated BBU and RRU as in Fig. [2.10] The authors of the
work propose a hybrid beamforming technique based on dominant eigenvectors of
channel covariance matrices for signal-to-leakage ratio (SLNR) maximization. The
authors in [56l] use Proposition 2 from [46] to derive a beamforming matrix selection
approach for the SINR maximization problem for a wired C-RAN system with single

RRU and unlimited fronthaul capacity assumptions.

For our work, in light of the approaches that are mentioned above, we start the proce-

dure from the channel covariance matrix expression for user u and RRU m as

R, = Eh,,,hl ] € CM¥, (3.26)

Then, we sum the covariance matrices for all users which results in the below aggre-

gate covariance matrix.

R, =Y Rym (3.27)

Now, we consider L largest eigenvectors of the expression in and denote this

C]LXIL

new matrix as V,,. We also define a new matrix U € which is an arbitrary

semi-unitary matrix so that it satisfies UHU = 1. Then, we denote the initial value of

the beamforming matrix for RRU m as

Fy) =V, U" (3.28)

We repeat the above procedure for all RRUs and construct the initial point fz(o) as

T
f2(0)= vec(Fg?i)T...vec(Fg?]@)T : (3.29)
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The comparison of convergence for the initial point that is found by using the method

in this part and a random initial point can be seen in Appendix [D]

3.4 Complexity Calculation

In this section, we calculate the computational complexity of our proposed algorithm.
We approach the complexity calculation problem by mainly considering two steps.
The first step is to calculate the complexity of the initial point selection procedure
and the second step is to calculate the complexity of the remaining part of the pro-

posed approach where we consider the rate and per-RRU power transmit constraint

expressions in Eqn. [3.15]and Eqn. 3.16]

In the initial point selection procedure, we first consider the number of iterations for
the algorithm which is equal to M. Then, we consider the component with the highest
order of complexity inside an iteration of the initial point selection algorithm. The two
expressions to consider in this algorithm are the vector multiplication inside the chan-
nel covariance expression which is hu’mhf’ .. € CN*N and the matrix multiplication
which is Fgo,)n = V,, U, With the standard textbook approach, the computational
complexity of a m x n matrix multiplied with a n x p matrix is O(mnp) [75]. Since
h, ., is an N x 1 vector, the complexity of vector multiplication is O(N?). In the
second expression, V,, is an N x L matrix while U is an L x L matrix. There-
fore, the computational complexity of the second expression is equal to O(L?N).
Since N is generally higher than L in our system, we can’t outright say O(L?N) is
greater than O(N?). Therefore, the computational complexity of the initial point is

M (O(L*N) + O(N?)) considering the number of iterations for this part is M.

For the rest of the proposed approach, we first denote the number of iterations as
Niter. As mentioned before, rate and per-RRU power transmit constraint are the two
expressions that we consider for the complexity calculation of the remaining part. The
matrix multiplications inside the rate expression have a computational complexity of
O(L?M?N?). The matrix multiplications inside the per-RRU transmit constraint has
the complexity of O(L*M?3N?3). Therefore, the total complexity of this part is equal
t0 Nier (O(L*M?*N?) + O(L3*M3N?)). Then, we have the total complexity as
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Cscrauntimcap = M (O(L2N) + O(N?)) +
Niter (O(L*M?N?) + O(L* M?N?)) : (3.30)

Omitting the lower order complexity terms, we have the complexity of the proposed

approach with unlimited fronthaul capacity as

OSCFA,UnlimCap ~ iteTO(L3M3N3)~ (331)

Considering the expression Eqn. [3.31] increasing the number of fronthaul links in-
creases complexity, although it increases spectral efficiency as we will discuss in the
next part. Therefore, complexity calculation is important for optimal performance

design.

3.5 Results and Discussion

In this chapter, we simulate the performance of the proposed approach under different
conditions. The simulations are done in a MATLAB environment with 25 Monte
Carlo trials for each simulation and a maximum of 1500 iterations for each gradient
descent (or ascent in the negative sense) operation. For the analytical calculations, we

have assumed a correlation-based channel model as in Eqn. [2.13

For the simulations in MATLAB, we use a clustered multi-path channel model that
is based on Extended Saleh Valenzuela Model [44] as explained in Section We
assume ULA at the RRUs with half-wave antenna spacing. For simplicity, we assume
that all the users experience the same amount of attenuation inversely proportional to
the number of total RRU antennas similar to the model in [46] from each multi-path.

Then, we can express our channel model for the MATLAB simulations as

Lp
h, =Y ca(e), (3.32)
=1
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where Lp is the number of multi-paths, ¢; is a zero-mean unit variance complex Gaus-
sian channel gain for i'" path and the array response vector for ULA with half-wave

spacing at RRUs is given by

a(¢i) _ [1 6j7rsin(<;5i) €j27rsin(¢>i)‘“ ej(]\_f—l)ﬂsin ((bi)]T, (333)

where ¢; is the Laplacian distributed AoA for the i*" path, following a common ap-
proach to the model in [46]]. Note that the total transmit power budget, P,;; is equiv-
alent to SINR expression when M = 1,L = 1,U = 1,Lp = 1, N = 1 condition is
satisfied. The noise variance is normalized to 0 dBW and the number of multi-paths
is set as 10 for the following simulations. MMSE precoder that is expressed as in
Eqn. [2.26] for the single RRU structure is also added as a benchmark for performance

simulations. The rest of the parameters for simulations can be found in Table 3.2

Table 3.2: List of simulation parameters and their values for Section

Parameters Values
o? 0dBW

Ui 1.5

a 10~

traz 1500 iterations
A 15

Protar,w eyl
Lp 10

N 64

# of multi-paths (Lp) 10
Angular Spread for AoA | 10

In Fig. [3.2] the user average sum rate performance of the proposed approach and the
initial point that is described in Section [3.3]is simulated with respect to the increasing
number of fronthaul links per-RRU for a single RRU system. This is actually equiva-
lent to the D-RAN system that is described in Section [2.5.3] In Fig. [3.2] we observe

that the performances of the proposed approach and the initial point don’t display a
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considerable improvement until L is increased to a certain point for different numbers

of users.
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Figure 3.2: Comparison of User Average Spectral efficiency vs. number of fronthaul

links per RRU for N = 64, M = 1, P,y = 12 dBW with unconstrained fronthaul

To better understand the result in Fig. [3.2] consider the message signal after beam-
forming in the BBU pool and before the transmission to RRUs from fronthaul links in
Fig. [3.1]expressed without the power term as F;s. We can represent this expression

in a more open way by considering the F; expression in Eqn. [3.4]by

foanr  Sfuane o o fuanw

fra.2)1 :

. 51

fra,n
S
? (3.34)
SU

| oy fuonnye o0 0 franny o]

In Eqn. [3.34] each colored block in the left matrix represents the element of F; that
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is forwarded to a separate RRU after multiplication with the message vector s that
has unit energy i.i.d zero-mean Gaussian message symbols. Consider the case in Fig.
where M = 1. In this case, F'; has only one row for the case when L = 1.
Therefore, the beamforming matrix can’t accommodate the case when there is more
than a single user. Similarly, when L. = 2, F; has two rows and the beamforming
matrix can’t accommodate the case when there are more than 2 users. Since F'; has
M x L rows in total, we can deduce that we need the number of users to satisfy

ML > U for the beamformer to have a decent performance.

In Section [I.T} we have mentioned that C-RAN reduces the production costs for re-
mote radio units, or access points, by allowing for the deployment of multiple RRUs
with smaller array sizes compared to a system with a single RRU as in Section [2.5.3]
that has the same number of total antennas. In the subsequent simulations, we inves-
tigate whether increasing the number of RRUs brings any performance changes for
a C-RAN system with unconstrained capacity fronthaul. We compare these results

with the limited capacity fronthaul C-RAN in Section4.4.2]
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Figure 3.3: Comparison of User Average Spectral efficiency vs. number of fronthaul

links per RRU for N = 64, M = 2, P,y = 12 dBW with unconstrained fronthaul
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In Fig. [3.3] the performances of the proposed approach and the initial point are sim-
ulated under 12 dBW total transmit power budget for a wired C-RAN system as in
Fig. 3.1 with 2 RRUs versus the number of increasing fronthaul links per-RRU. For
this case, we have the boundary for users as 2. > U for the beamformer to have a
notable performance. In Fig. [3.3] we can observe that the beamformer can’t perform
well when L = 1 and the number of users is greater than 2. Comparing Fig. and
Fig. [3.3] another observation that could be made is that the performance of the initial

point became closer to the proposed approach as the number of RRUs increased.

In Fig. [3.4] the performances of the proposed approach and the initial point are given
for a C-RAN with 4 RRUs versus an increasing number of fronthaul links per-RRU
under 12 dbW total transmit power budget. For this case, we have M =4 and L > 1
so that the condition M L > U is satisfied for the number of users up to 4 for all L
values. As it can be seen from Fig. [3.4] the proposed approach has a smooth curve for
all users among the 4 users. We can also observe that the performance of the initial

point has become closer to the proposed approach compared to Fig. [3.3]
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Figure 3.4: Comparison of User Average Spectral efficiency vs. number of fronthaul

links per RRU for N =64, M = 4, P,y = 12 dBW with unconstrained fronthaul
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Figure 3.5: Comparison of User Average Spectral efficiency vs. number of RRUs for
different number of active fronthaul links per-RRU with N = 64, U = 10, Pjgsq; = 12

dBW with unconstrained fronthaul

The performance of the proposed approach and the initial point is also simulated
for the increasing number of RRUs with active per-RRU fronthaul link numbers are
equal to L = 1, L = 2 and L = 3 in Fig. The number of users is equal to
10 for the simulation in Fig. so the beamformer’s condition to perform well
is ML > 10. We can observe that the beamformer started performing well after
M = 16 for the case when L = 1 since it satisfies the condition only for M = 16 and
M = 32 for the axis points in Fig. For L = 2, we also have decent performance
when M = 8, and for . = 3, the notable performance point starts from M = 4
which is in line with the condition described on the number of users. For L = 3,
we can’t have 32 RRUs because each F ,,, has L columns associated with dominant
eigenvectors of the correlation matrix for the user channels between user « and RRU
m, and while there are 2 antennas per RRU for M = 32, we can have at max 2
eigenvectors associated with user channels during initial point selection which is less

than 3. The result that we can obtain from these simulations is that since increasing
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the number of fronthaul links and number of RRUs increase the number of rows for
F; and the number of columns for F'5, we have an increased degree of freedom during
the beamforming operation. Therefore, increasing these values under a system with
an unlimited fronthaul capacity results in a sum rate outcome that is closer to the
maximum value that the expression in Eqn. [3.20| can take. This leads us to wonder
how would the initial point and the proposed approach perform under a fronthaul

capacity-limited system which we discuss in the next chapter.
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Figure 3.6: Average run time per iteration for the proposed approach vs. the number

of active fronthaul links per-RRU, N = 64, M = 4, U = 4, Py = 12 dBW

In Section [3.4] we have discussed the complexity calculation for our approach for
the unlimited fronthaul capacity case and found the complexity as Nz, O(L3M3N3)
approximately. In Fig. [3.6] the run times divided by the number of iterations until
convergence and average run times per iteration for the gradient descent are simu-
lated for different numbers of fronthaul links per-RRU. Run times were recorded on
a laptop computer with 8 CPUs (Intel Core 17-6700HQ 2.60 GHz) and 8 GB RAM.
As can be observed from Fig. [3.6] the run time complexity significantly increases

with the increasing number of per-RRU fronthaul links which is in line with the com-
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plexity calculations in Section [3.4] Therefore, designing systems with high spectral
efficiency that has fewer active fronthaul links would be desirable for the operators in

order to have efficient performance.

3.6 Main Outcomes

The main results that we can obtain from this chapter as follows:

e We need (M x L) > U to have beamforming matrices F; and F, with the
appropriate number of rows and columns respectively so that all the users can

be accommodated.

e The computational complexity of the proposed approach increases significantly
with the increased number of per-RRU fronthaul links, which makes designs

with fewer active fronthaul links and higher performance desirable.

e Under no fronthaul capacity constraints, the precoding matrices obtained from
both the initial point and the proposed approach exploits the increased degree
of freedom from the increased number of rows and columns for F; and F,
1.e, increasing M and L leads to a performance that is closer to the MMSE
precoder. This result leads us to further inspect whether this situation changes
under a fronthaul capacity limited system where increasing the number of per-
RRU active fronthaul links increases the quantization noise due to fronthaul
capacity while the capacity is kept fixed. We discuss this case in the following

chapter.

56



CHAPTER 4

SUM RATE MAXIMIZATION UNDER LIMITED FRONTHAUL CAPACITY

4.1 Problem Formulation

In this chapter, we delve into the sum rate maximization problem described in Eqn.
3.8 by also incorporating an additional fronthaul capacity constraint. Building upon
the method described in the previous chapter, we use our proposed approach inspired
by SCFA in [73] to shift the constraints into the main maximization problem and
express the maximization problem in an equivalent and easier to differentiate form
to apply gradient descent (or ascent in the negative sense) based maximization. We
denote our proposed approach as SCFA in the simulations as the idea to transfer
constraints into the main equation came from the work in [[73]]. A list of notations and

their explanations for this chapter can be found in Table d.1]

We consider a downlink C-RAN system with wired fronthaul similar to the previous
chapter which is shown in Fig. In this system, the BBU pool is connected to
M RRUs each equipped with N antennas and the system has N = N x M antennas
in total. RRUs jointly transmit the signal to all users in a cell area in a distributed
MIMO fashion with a total of U UEs each with a single antenna in the cell area.
Different from the system in the previous chapter, we consider limited capacity in
the fronthaul for the system in Fig. 4.1} In Section[I.I} we have mentioned that the
CPRI interface that is used for defining the connection between BBU pool and RRUs
over optical fiber links has limited data capacity. With the e-CPRI protocol, we can
achieve higher fronthaul data rates while also having more flexible functional splits
between the BBU and RRUs. In this chapter, we assume that the baseband data is

transmitted with I and Q components and the transmitted data rate is expressed as
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2D,,, L bits/channel use for L fronthaul links between RRU m and the BBU pool.
Here, D,, is the number of quantization bits in the fronthaul between BBU pool and

RRU m due to compression with uniform scalar quantization (USQ) model [66), /6]

Table 4.1: List of notations for Chapter

Notations | Explanation

U Number of UEs

M Number of RRUs

L Number of fronthaul links per-RRU

N Number of antennas per RRU

N Total number of antennas

Cn Fronthaul capacity between RRU m and the BBU pool

C Total fronthaul capacity between RRUs and the BBU pool

D,, Number of quantization bits for the links between the BBU pool and RRU m
o? Noise variance

Su Message component for UE u

S Message vector

X Message vector after beamforming and power allocation at the BBU pool

X Precoded and power allocated message vector at the BBU pool to be transmitted to RRU m
q Quantization noise vector

dm Quantization noise vector in the fronthaul between RRU m and the BBU pool
Q Quantization noise variance

Qn Quantization noise variance for q,,

Q. ['" diagonal element of Q,,

h, Channel vector for RRU m and UE u

h, Channel vector for UE «

H Channel between all transmit antennas and UEs

fi,mi)u | Beamforming element of F; corresponding to the {** link of RRU m and UE u

| . Beamforming matrix in the BBU pool corresponding to RRU m
F, Beamforming matrix in the BBU pool

fo.m, [*" column of Fs

| . Vectorized form of Fy ,,

Fy,. Beamforming matrix for RRU m

F, Aggregate Beamforming matrix in RRUs

We assume that the fronthaul between RRU m and the BBU pool has a capacity up to
C,, bits/channel use and the fronthaul has a total capacity of C' = Z%zl C,,bits /channel use.

We express the channel as H = [hyhy..hy| € CN*U that has circularly symmetric
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zero-mean complex Gaussian elements similar to the correlation-based model in Sec-
tion where h,, € CV is the channel vector between UE u and RRUs. Also, the
channel vector between UE u and RRU m is denoted by h,,,, € CV and the spatial

covariance matrix of this channel is expressed as R, ,,, = E[hu,mhﬁ ] € CVXN,

fi181 2D,L < @ .
; data traf fic fronthmg‘mctty | _ly
> ;
f : £ LY
v / " Limks | FRRU; [T
EB—» : > (F2) LY
A :
fivsu 2DyL < Cu
datatraffic  fronthaul capacity | _:Y
: > LY
BBL; pool © Llinks + RRUy [
( 1 ) . 5 (F 5, ) —EY

Figure 4.1: Block diagram of downlink C-RAN model with capacity limited fronthaul

Precoding is performed at the BBU pool and RRUs in two stages as in the previous

chapter. The beamforming matrix at the BBU pool is denoted by F; € CEM)xU

and the beamforming matrix at RRU m is denoted by Fy,, € CV*L. The ag-

gregate F'5 matrix encompasses beamforming matrices for all RRUs in a block di-

agonal structure similar to Eqn. [3.1] and [56]. For instance, it is in the form of
Fa1 Onxr

Fy, = € CN*(L) when M = 2. For a given F, we again as-
Onxr Fapo

sume that BBU pool utilizes the processed channel information H”F instead of the
instantaneous channel information so that F'; can be expressed in a reduced size with

an MMSE form as

-1
F, = |FYHH"F, + %GQILMMM FIH . 4.1)

Then, we scale the columns of F; with Fy by multiplying them with

£, = b 4.2)

\/(F2f‘1,u)HF2f1,u
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for all UEs and obtain F';.

Let s = [s18...51]T be a vector of independent zero mean and unit energy Gaus-
sian message symbols. After precoding and power allocation at the BBU pool, the

message signal is expressed as

4.3)

where the total power budget P, 1s divided evenly among all the users. The mes-
sage signal in Eqn. contains Xy = %Fl,ms € C! which are message signals
to be transmitted to RRU m. The transmission to RRUs is done in an IQ fashion and
USQ is applied to the elements of x,, vectors. Then, we assume that quantization
brings in an additional independent Gaussian zero mean and circularly symmetric
noise element where the message signal at RRU m after quantization is expressed as
Xm = Xm + Q, and aggregate message vector for all RRUs is X = x + q where
q € C*M) js the quantization noise vector that contains the vector q,,, for the quanti-
zation noise at RRU m. Notice that we uniformly quantize a Gaussian signal, which
leads to a greater noise contribution from the quantization compared to optimal quan-
tization of a uniformly distributed signal for uniform quantization [77]. The details
of the quantization procedure is explained in Appendix [E] The covariance matrix of
quantization noise for RRU m is a diagonal matrix expressed as Q,,, = E[q,,q?] and

each diagonal element of this matrix is found from [76] as

U

PO a
Qua =MSE(D) >~ |frmtal* (4.4)

u=1

The placement of each f; ,, ., is shown in Eqn. and MSE(D) values are shown in
Table {.2] for optimal uniform quantization step sizes for the quantization of a zero-
mean unit variance Gaussian signal that are found in [76]] for different numbers of
quantization bits. After the message signal is transmitted from RRUs with beam-
forming matrix Fy also applied, the received signal at the UE w can be expressed

as
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Yo = hHFQ)_(_‘_nu

/Poa [ L tota
= ttthFgfluSu ttthFQ Z leSZ

1=1i#u

Deszred signal
inter f erence

+ hFoq +  n, . (4.5)

Quantizationnoise ~ Thermal noise

In Eqgn. the covariance matrix of quantization noise is expressed as Q = E[qq”]
and n,, is the thermal noise with variance o that is equal among all users. Then, we

can express an SINR expression for UE u without considering the correlation between

Table 4.2: Optimal MSE values for different number of quantization bits

D Optimal | Optimal
Step size | MSE(D)

1 1.5960 0.3634

2 0.9957 0.1188

3 0.5860 0.0374

4 0.3352 0.0115

5 0.1881 0.00349

6 0.1041 0.00104

7 0.0568 0.00030

8 0.0307 0.00009

9 0.0165 2.50 x 107°

10 | 0.0088 7.00 x 1076

11 | 0.0046 1.94 x 1076

12 | 0.0024 | 5.35x 1077

13 | 0.0013 1.46 x 1077

14 | 0.00056 | 2.6 x 1078

15 | 0.00035 | 1.1 x 1078

16'(| 0.00020 | 3.3 x 107

1 The optimal step size for 16 bit quantization was calculated by simulations since it was not provided in [[76].
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the quantization element and the message symbols as it was also assumed in the work

[78]] as

2
Ptotal
U

th2f1,u

SINR,, = (4.6)

5 .
+ thQQFgIhu + 0'2

Ptotal U H
U Zizl,i?&u hu F2f1,i

Then, a rate expression for UE u is expressed in the same form as Eqn. [2.25]so that

Rate, = log,(1 + SINR,). 4.7)

Notice that this is a lower bound for the actual rate since have assumed Gaussian
distribution for the quantization elements and haven’t considered the correlation be-
tween the Gaussian noise and the quantized elements as it was also mentioned in the
work [76]. A different rate expression could be obtained by considering Bussgang
Decomposition and modeling the additional term as the Gaussian quantization noise
and obtaining optimal MSE values for this case as it was done in the work [[/6l]. We

can express our maximization problem to find F'y maximizing the sum rate as

(P2) max SV Rate,,, (4.8)
2

s.t. Zz]\il tr(%<F27mFl,m)HF2,mFl,m) + tr(FQ,QOFgm) = Ptotaly (49)
2D, L < C,,. (4.10)

Here, different from (P;) in Eqn. we have additional quantization noise power
added transmit power constraint, and a fronthaul capacity constraint in Eqn. due
to limited capacity fronthaul. We also note that we utilize all of our available transmit
power budget and RRUs share available power budget arbitrarily among themselves.

In the next part, we describe our proposed approach to solve Ps.
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4.2 Proposed Approach Under Capacity Limited Fronthaul

To apply this approach, the maximization problem needs to be infinitely differentiable
without constraints. To make the differentiation easier, it is better to transform the
maximization parameter F5 into vector form. Let Fy,,, = | £y, 15 1, 0...f2 1| DE the

columns of the m'” block of F5. Then, we vectorize F as

T
f = (6B B oAl oAl arn | @.11)

which contains non-zero elements of F5. Using this form, SINR expression in Eqn.

H.6|can be expressed as
fHAHbeuAuf
SINR, = —p H A HWH ; T H2H T *12
Zizl#u 7' Allb b; AL, + 1, AuE[z Z]Aufg + P ¥
where
A, =diag( b, | nl, ... bl ),
~—~ ~——
L—times L—times L—times
by = [f1,0,0),u f1,,2) 05 - fr,000,0)0 ]
—— — ——
N—times N—times N—times
z = [ 9, q2 -5 qLM) ] (413)
N—times N—times N —times

We again assume perfect CSI for gradient operation. Equivalence of Eqn. (4.6 and
Eqn. @.12]is trivial once we consider the equivalence for the unconstrained capacity
case in Appendix [Al and apply a similar transformation to Q in Eqn. as we did
with f; ,, in the same equation which is shown in Eqn. Then, the rate expression

for the UE u can be expressed as
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Rate,,
U

= 10g2(z f3' AT b{b, AL

=1

+  fHANE[ZZ] AL, + v o?)
f)total
U
—  logy( Y £ANDIbALL
i=1,i#u
H A H H U 2
+  £'A E[z"z]Af + o). (4.14)

Ptotal

The next step is to transfer the constraints in Eqn. {.9)and Eqn. 4.10]into the main
maximization problem. For this purpose, we first consider a per-RRU power trans-
mit constraint as tr((FomF1m) FomF1m) + tr(F2mQnFE,,) < P, rru, where

P, rru = Piotar/M and express it in terms of vectorized f; as below

tr(Wy,)  tr(Gy,)
<P 4.15
7 NI = hureus (4.15)
where
C, =diag(0pm-1)1.0r—m)L);
Dm = CmFIa
E, =diag(0um-1nrIntOm—mnL),
G, =E,LE[ZEL (zED)" It E?

W,, = (En,fvec(D,,)")'E, fyvec(D,,)". (4.16)

Here, the matrix with bold notation D,,, should not be confused with the quantization
bits D,,. The equivalence of the above expression and Eqn. is explained in
Appendix [C] Next, to transfer Eqn. [4.15]into the main equation, we use the fact in
Eqn. [3.18|and consider the below expression

M
Ntr(W,,) +tr(G,,) — NLP,
Cy =1y Z exp( ( ) (Gm) t’RRU). 4.17)
m=1

aNL
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The expression in Eqn. tends to O if the per-RRU power constraint is satisfied
and tends to (oo) if the constraint is not satisfied for a positive 7, value. Therefore, ¢y

can be added to the main problem as the transmit power constraint.

To get rid of the fronthaul capacity constraint in Eqn. #.10} we choose the number of

Cm

57| with floor function [(.)| for each fronthaul

quantization bits such that D,, = |
link between the BBU pool and RRU m. After removing the constraints, we can

represent Eqn. [4.8]as

U U
T, = =) [log,() £ AMbbA,L

u=1 i=1

+ fATE[z"z]A L, + a?)

total

U
— log,( > £'Al'bI'biALf

i=1,i#u

+ fAAHE[ZZ]Af, + v o?)]
total
M
Ntr(Wy,) +tr(Gy,) — NLP; rru

The expression in Eqn. 4.18|is now differentiable with respect to f; and gradient de-
scent is applicable. The selection of the initial point is also important when applying
gradient descent. To select the initial point we consider RRUs separately between all
users and apply the approach in [46] to construct f2(0) whose elements correspond to

the blocks of aggregate RRU matrix. Selection of fQ(O) is described in Algorithm

After determining the initial point, the update equation to calculate f, for the next

iteration is expressed as
£ = 6" — u() V() (4.19)

where 1i(t) is the step size for the iteration and V(.) is the gradient vector which
stands for the gradient of Eqn. with respect to ff7 that takes the value of f,
at time ¢ as input. Here, 1(¢) can be selected differently for each iteration as in Eqn.
[3.24]for better convergence or it can be selected as constant for ease of operation. The

comparison between constant and adaptable x(t) is discussed in Section Also,
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Algorithm 2 Algorithm for initial point selection
Input: HM,N,L,U

Output: fQ(O)
1: form =1to M do
2. Denote R, = E[h,,,hf | € CV*N
3. Denote Ry, = 37 Ry

4. Let V,, be the matrix consisting of L largest eigenvectors of R,

5:  Let U € CL®L be an arbitrary semi-unitary matrix such that U U =1
& Fy) =V,U"

7. end for

17 = [oec B0 oec B0, )T]

9: return fQ(O)

the value of « in Eqn. can be adjusted for faster convergence. The algorithm for

the proposed approach with proper parameter values chosen is given in Algorithm 3

We initialize the parameters in step 1 and we apply gradient descent to Eqn. [4.18 with
respect to 17 until it converges to the maximum value which returns the optimized

beamforming matrices.

4.3 Complexity Calculation

To calculate the computational complexity of the proposed approach, we first need to
calculate the complexities of Algorithm[2]and Algorithm [3]separately. For Algorithm
[2] the number of iterations is equal to M, and the computational complexity for the
Algorithm [2| is expressed as M (O(L>N) + O(N?)) as in the previous chapter. To
calculate the computational complexity for the Algorithm [3| we consider the number
of iterations for the gradient descent algorithm which is Ny, and per-RRU power
transmit constraint complexity which is O(UN2M3L3 + N3M?3L?). The complexity
resulting from this is O(Ny,(UN2M3L? + N*M3L3)). So we can calculate the

computational complexity of our approach as
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Algorithm 3 Finding F, that maximizes the negative of with proposed approach

Step 1, Initialization: Set the initial point fQ(O) as found by the approach in Algo-
rithm[2] Define: a = 1074, 7, = 1.5, A = 15, 0, = 1500.
Step 2, Gradient Descent:
1: fort = 0to t,,,, do
2. Find gradient V(fz(t))
3. Find step size 1 from Eqn. or choose as constant
4 Update beamformer : £ = £" — 0w (£{")
5:  Set corresponding elements of fz(tH) as columns of Fgf;l) matrices

6:  Update thﬂ) according to Eqn. and Eqn.

7. if( max [TV — TV < 1075) then
t—A<t,<t

8: tmaw = ts

9: break

10: end if

11: end for

12: f5 = f2(t"“””)
13: Set corresponding elements of f; as columns of F; ,,, matrices
14: Fy = th’"““”)

15: return F,, F,
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CSCFA,LimCap =M (O(LQN) + O(N2>) +
Nier O(UN?*M?L? + N> MPL?)). (4.20)

Ignoring the lower-ordered terms, we have the computational complexity of the pro-

posed approach approximated as

CSCFA,LimCap ~ iter0(<UN2M3L3 + N3M3L3>). (421)

4.4 Results and Discussion

In this part, we simulate the performance of the proposed approach and the initial
point that is found by Algorithm [2] for the fronthaul capacity constrained system in
Fig. [@.1] and compare it with the unlimited fronthaul capacity case in the previous
chapter. We again employ the same clustered channel model that we have described
in Fig. [2.4]and Section [2.2.2 for MATLAB simulations as the previous chapter such
that

Lp
h, =) ealdn), (4.22)
=1

where ¢; 1s the zero-mean unit variance complex path gain and array response vector
for ULA at RRUs a(¢;) is defined as Eqn. with AoAs (¢;) that are Laplacian

distributed for each channel path .

The noise variance o2

is normalized to 0 dBW and the number of channel paths
is set to 10 unless otherwise specified. Performance of the MMSE precoder as in
Eqn. [2.26] with a single RRU and L = 32 is also added as a benchmark. However,
one should keep in mind that the MMSE precoder doesn’t take the finiteness of the
fronthaul capacity limitations into account. Hence, it does not perform well under

limited fronthaul capacity and is just added as a benchmark precoder that is available
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Table 4.3: List of simulation parameters and their values for Section

Parameters Values
o2 0 dBW

72 -1.5

« 1074

tnaz 1500 iterations
A 15

Puotatv 1075

C 64 bits /channel use
D )

N 64

# of multi-paths (Lp) 10

Angular Spread for AoAs | 10

from the literature for the simulations. The list of parameters for the simulations can
be found in Table d.3] Note that we express the total transmit power budget in dBW
but apply it as W inside the SINR expression for the simulations.

4.4.1 Results for limited fronthaul capacity

In this part, we simulate the results for the system with limited fronthaul capacity.

For the fronthaul capacity, we set the capacity between the BBU pool and each RRU

equal as C; = (5 = ... = () so that the quantization bits are also equal as D; =
Dy = ... = D). Then, the total fronthaul capacity is expressed as
C' = MC),; bits/channel use. (4.23)

For the simulations, the total fronthaul capacity is kept the same and the number of

quantization bits for a total M RRUs is set as

C

D,, = LWJ ; 4.24)
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for each fronthaul link between RRU m and the BBU pool. We discuss the results
where /(1) is selected as a constant and the case when it is selected as shown in

in separate parts.

4.4.1.1 Results with constant step size

In this part, we simulate the performance of the proposed approach with respect to
increasing per-RRU fronthaul links while considering a constant step size for the
update equation in Eqn. .19 and the performance of the initial point in MATLAB
with 25 Monte Carlo iterations and a maximum number of gradient iterations for each
iteration of Algorithm [3|as ?,,,, = 1500. We choose the total fronthaul capacity as
C' = 64 bits/channel use so that the fronthaul between the BBU pool and RRU m
has a capacity of C,,, = % bits/channel use and the number of quantization bits are
D,, = [%j for a total of M/ RRUs with each having L fronthaul links between
the BBU pool. In the following simulations, we adjust the constant step size for each

iteration as pu(t) = pu =4 x 1073,
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Figure 4.2: Comparison of User Average Spectral efficiency vs. number of fronthaul
links per RRU for N = 64, M = 1, Py = 12 dBW, i = 0.004, with C' = 64

bits/channel use
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Figure 4.4: Comparison of User Average Spectral efficiency vs. number of fronthaul
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First of all, we look at the performance of the initial point as the number of total RRUs
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is increased between the results in Fig. [4.2) with M = 1, Fig. #.3| with A/ = 2 and
Fig. .4 with M = 4 RRUs, while also increasing the number of per-RRU fronthaul
links in each figure. Normally, increasing the number of rows for F'; and increasing
the number of columns for F, with increasing M and L results in an increased degree
of freedom for the beamforming matrix selection which would have a positive effect
on the performance. However, we see in Fig. [4.2] Fig. {.3] and Fig. [4.4] that the
performance of the initial point decreases with increased L after the condition M L >
U mentioned in Section [3.5]is satisfied, despite the increased degree of freedom due
to increasing precoding matrix sizes. This can be better understood by considering
the number of quantization bits selection D,, = Lg—’L”J that we have assumed in order
to relax the fronthaul capacity constraint for the maximization problem in Eqn. .10
Because of such a selection, increasing the number of RRUs and per-RRU fronthaul
links increases the quantization noise. From the results in Fig. Fig. and
Fig. 4.4] we observe that the initial point can’t perform well under limited fronthaul

capacity, unlike the unlimited fronthaul capacity case.

When we look at the performance of the proposed approach with constant step size,
we see that the smoothness of the curves corresponding to the respective number of
users decreases with the increasing number of RRUs. This means that the proposed
algorithm has trouble converging with constant step size for an increasing number of
RRUs. This leads us to the question of how the proposed approach would perform
with an adjustable step size for each update operation which we discuss in the next

part.

4.4.1.2 Results with adjustable step size

In this part, we simulate the performance of the proposed approach with respect to
increasing per-RRU fronthaul links where the step size in Eqn. [4.19]is adjusted at
each iteration as in Eqn. [3.24] and the initial point which is the same as in Section
M.4.1.1) is graphed together for different configurations. The simulations are again
performed by considering 25 Monte Carlo iterations in MATLAB with a maximum

of 1500 iterations for each gradient operation.
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In Fig. 4.5 we consider a single RRU that is connected to the BBU pool as in D-RAN
topology, and the total fronthaul capacity is equal to the fronthaul capacity between
this RRU and the BBU pool which is set as C' = 64 bits/channel use. We can observe
that the proposed approach has a smoother curve compared to the constant step size
case in Fig. [4.2] and the performance doesn’t decrease as the number of per-RRU

links, and hence quantization noise, is increased beyond the M L > U point.

In Fig. 4.6] we increase the number of RRUs to 2 and the fronthaul capacity between
each RRU and the BBU pool becomes C,,, = 32 bits/channel use for m = 1,2. In
this case, we have reduced the RRU complexity compared to single RRU case by
decreasing the per-RRU antenna array sizes and reduced the load on fronthaul further
between each RRU and the BBU pool by decreasing the number of quantization bits
with increased RRUs. For this case, we again observe that the curves for the proposed
approach preserve their smoothness and the performance doesn’t decrease after the
condition M L > U is satisfied for the number of users U = 2, 3,4 despite increased
quantization noise. For U = 1, the performance for the proposed approach decreases
after L = 5, and D = [33] = 3. Notice that we don’t utilize all of the available

fronthaul capacity and only utilize 48bits/channel use for L = 6.
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Figure 4.7: Comparison of User Average Spectral efficiency vs. number of fronthaul

links per RRU for N = 64, M = 4, P,y = 12 dBW with C' = 64 bits/channel use
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We increase the number of RRUs to 4 in Fig. so that the fronthaul capacity be-
tween each RRU and the BBU pool becomes C,, = 16 bits/channel use for m =
1, 2, 3,4 which further decreases the load on the fronthaul between each RRU and the
BBU pool while increasing quantization noise. When we look at the performance of
the proposed approach for the user numbers U = 2, 3,4, we again observe that the
performance of the proposed approach has a non-decreasing smooth curve that keeps
improving up to a certain point since in this case, the condition 4L > U is satisfied
for the number of users up to 4 users for all L values. For U = 1, we observe that the
performance decreases after L = 2 and D = [%J = 4. We note that the point where
performance starts decreasing with L = 3 corresponds to a number of quantization
bits equal to D = L%j = 2 and we need to highlight that in the previous case for
M = 2, the performance started to decrease after the quantization bits were less than
D = 3 which lies in between L = 2 and L = 3 in this case. The first thing we ob-
serve from these results is that the proposed algorithm is less robust against increasing
quantization noise for the single-user case, therefore; it is preferable to consider a sin-
gle active per-RRU fronthaul link for single-user cases with our proposed approach.
Another thing we observe from these results is that, as we increase the number of
RRUs and decrease the RRU complexity, the performance of the proposed approach
doesn’t differ much from the unconstrained fronthaul capacity case. This leads us
to question to what end our proposed algorithm could tolerate increased quantization

noise while enjoying reduced RRU complexity.
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Figure 4.8: Comparison of the performance of the proposed approach under unlimited

and limited fronthaul capacity vs. L for different numbers of RRUs under P, = 2
dBW

When we reduce the total power budget P, as can be seen in Fig. @ we can
observe that the performance of the proposed approach has become more susceptible
to increasing quantization noise with increasing number of RRUs. Therefore, transmit

power budget also affects the performance of our proposed approach.

We investigate the performance of the proposed approach vs. the increasing number
of RRUs under different numbers of per-RRU active fronthaul links while the number

of users is 10 in Fig. 4.9 while keeping the total number of transmit antennas and the
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different number of active per-RRU fronthaul links, N =64, U = 10 with C = 64
bits/channel use and P,y = 12 dBW

fronthaul capacity same. For L = 2 and L = 3, we can draw the performance at
most up to a number of RRUs that is equal to 16 and 8 respectively under the given
total fronthaul capacity. The reason behind this is that when M = 16, and L = 2, we
have D = |58 —| = 1 and after this point, we would have 0-bit quantization which
would be meaningless to consider. Similarly, we have 1-bit quantization at M = 8
when L = 3 and can’t have a meaningful result after this point. The same is also
true for L = 4. When we look at the performance of the proposed approach when
L = 1, we observe that it has decent performance at M/ = 16 when the condition
ML > U is satisfied. However, we see that the proposed approach hasn’t improved
the performance with the parameters that we defined in Table f.3]at M/ = 32 and
D = 1 when L = 1. When we look at Fig. we see that the proposed approach
has non-decreasing performance at L. = 8 and D = 1. The beamforming matrix Fy
in both Fig. and Fig. [4.9]is a 64 x 32 matrix for these cases. However, for the
case in Fig. with L = 8, we have Fy,,, as a 16 x 8 matrix for m = 1,2,3,4,
with 4 F5 ,,, blocks inside F5, and for the case in Fig. we have Fy,, asa 2 x 1

matrix form = 1,2, ..., 32 with 32 F3 ,,, blocks inside F',. This means that increasing
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the number of columns of F,, provides a better degree of freedom than increas-
ing the number of F,,, matrix blocks in F5, i.e., increasing the number of RRUs
while decreasing their complexity consistently doesn’t bring consistent performance
improvement and is more susceptible to increasing quantization noise. We also see a
similar trend when L = 2, with the proposed approach having a decent performance
when M = 8, which satisfies the M L > U condition with D = 2, and observe a
decreased performance when M = 16 with D = 1 When L = 3, we observe that the
performance improvement happens around M = 4 and with D = 2 and it decreases
at M = 8 with D = 1. We observe a similar trend in L = 4. However, one should
also note that the user averaged performance when L = 2 and M = 8, and L = 4 and
M = 4 is around 6.3 bps/Hz which is close to the user averaged capacity % =64
bits/channel use. When L = 10 and L = 11, we also observe a similar trend and the
maximum value occurs at the single RRU case. However, we should note that this
would mean a very complex RRU structure and a long operation time. Also, we see
that the maximum value when L = 10 and L = 11 is smaller compared to the maxi-
mum value when L = 2, 3, 4. This means that we need to increase per-RRU fronthaul
links beyond L = 11 such as L. = 16 which takes a lot of time with our proposed
approach. Therefore, using multiple RRUs with reduced complexities compared to a
single RRU that satisfies the condition M/ L > U in the presence of many users with a

limited capacity system could benefit the operators by using our proposed approach.
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We also observe in Fig. [4.10] that increasing the number of per-RRU fronthaul links
brings significant run-time complexity similar to the previous chapter where the re-
sults are obtained by the same PC with 8 CPUs and 8 GB RAM. Therefore, selecting
designs with higher sum rate performance and fewer active per-RRU fronthaul links
that use our proposed approach would be more desirable for the operators. In the
next part, we compare the results in this part with the results for the unconstrained

fronthaul capacity case in Section[3.5]

4.4.2 Comparison with unlimited fronthaul capacity case

In this part, we compare the performance of the proposed approach and the initial
point for the cases with unlimited fronthaul capacity in Section [3.5]and limited fron-

thaul capacity in this chapter.
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Figure 4.11: Comparison of the performance of the proposed approach under unlim-

ited and limited fronthaul capacity vs. L for different number of RRUs
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First of all, we compare the performances under increasing per-RRU fronthaul links
with M =1, 2, and 4. We keep the number of antennas fixed at 64 and the total fron-
thaul capacity at 64 bits/channel use, and P, = 12 dBW, the same as the previous
part. In Fig. @.T1] the left column stands for the unlimited capacity case and the right
column stands for the limited capacity case. When we look at the performance of the
initial point in the left column, we see that it is able to exploit an increased degree of
freedom due to the increasing number of RRUs and get closer to the performance of
the MMSE precoder as we increase the number of RRUs. However, when we look
at the right column, we see that the performance of the initial point decreases after
the condition ML > U is satisfied due to increasing quantization noise. When we
look at the performance of the proposed approach, we observe that the performance
under the limited fronthaul capacity doesn’t differ too much from the left column
with the unlimited fronthaul capacity and the proposed approach is able to exploit the
increasing degree of freedom due to increasing number of per-RRU active fronthaul
links for the given configurations. We also note that the data traffic is smaller than
the fronthaul capacity rather than equal in some cases and we observe that single-user
performance is more susceptible to increasing quantization noise with the proposed

approach.

—4— Unconstrained single user capacil
SCFA L=1
SCFAL=2
SCFAL=3

10 —8— SCFAL=4.

—+— SCFAL=10

| [~6—Single user —=—sCrA L4
SCFAL=1 —+—SCFAL=10
SCFAL=2 —%— SCFAL-11
SCFAL-3 —A—SCFAL-16 - 0~

Voo
OBk 4+
PRt

User average spectral eff. (bps/Hz)

12 4 8 16 32 12 4 8 16
M (Number of RRUS) M (Number of RRUs)

(@) U = 10, Pyorar = 12 dBW, N = 64, with (b) U = 10, Py = 12 dBW, N = 64, with

unconstrained fronthaul capacity C' = 64 bits/channel use
Figure 4.12: Comparison of the performance of the proposed approach under unlim-

ited and limited fronthaul capacity vs. M for different number of active per-RRU

fronthaul links
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However, we observe that this improvement is not constant as can be seen in Fig.
M.12] In Fig. @.12] (b), we see that the proposed approach has better performance
when L = 2 at M = 8 with D = 2 than the case when L. = 4 and M = 8 with
D = 1 although in both cases we have Fy € C5%*3? matrix. When we look at the
case in Fig. [A.T1] (), we see that the performance of the proposed approach doesn’t
decrease at L = 8 when M = 4 with D = 1. The difference between these cases
is that when M = 8, we have F5,, as a 8 X L matrix, and when M = 4, we have
F,,, as a 16 x L matrix for RRU m which is a more complex structure. Since we
express Fs ,,, matrices as a column vector inside f, and do the gradient operation
over this vector and then distribute the updated F'; ,,, matrices to RRUs, the proposed
approach becomes more susceptible to increased quantization noise when the rows of
F; ,, decrease and the number of F; ,,, blocks increase after some point with the given
parameters. Therefore, it is not possible to constantly increase the number of RRUs
while decreasing their complexity and have good performance with our proposed

approach.

©
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() M = 4, U = 4, Pyyyar = 12 dBW, () M = 4, U = 4, Pyyra; = 12 dBW,
N = 64, with unconstrained fronthaul N = 64, with C' = 64 bits/channel use
capacity

Figure 4.13: Comparison of average run time per iteration performance of the pro-

posed approach under unlimited and limited fronthaul capacity vs. L

In Fig. 4.13]we compare the average run times per iteration between the unlimited and
limited case and observe that the proposed approach under limited fronthaul capacity

has a slightly higher time complexity than the unconstrained case as it can be inferred
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from comparing Eqn. [3.31]and Eqn.

4.5 Main Outcomes

A few key points that we can draw from these results are as follows:

When there is no fronthaul capacity constraint, both the proposed approach
and the initial point are able to exploit the increased degree of freedom due to

increasing L and M values without a drawback.

When the system is constrained by the fronthaul capacity, the initial point’s
performance can’t contend with the increasing quantization noise after some

point due to increasing M or L values.

The proposed approach exhibits better convergence with the given parameters

by using a variable step size as in Eqn. [3.24] compared to a constant step size.

While the proposed approach is able to exploit the increased degree of freedom
under limited fronthaul capacity due to increased per-RRU fronthaul links with
multiple RRUs that have simpler structures compared to a more complex sin-
gle RRU configuration up to a point, we observe that this improvement is not
consistent as we increase the number of RRUs because of the increased quanti-
zation noise and reduced RRU complexity. Consequently, achieving continuous
performance improvement with our proposed method proves untenable as we

indefinitely increase the number of RRUs while reducing their complexities.

With the proposed approach under limited fronthaul capacity, when LM > U
condition is satisfied, we observed that the user-averaged spectral efficiency for
the increased number of users gets closer to the user-averaged capacity which
is the total fronthaul capacity divided by the number of users. This observation
suggests potential benefits for operators when the proposed approach is applied

with the given parameters under a system featuring a multitude of users.
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CHAPTER 5

CONCLUSION AND FUTURE WORK

In this thesis, we investigated precoding designs for C-RAN systems with limited
fronthaul capacity. The legacy CPRI protocol in a radio network offloads most of
the processing onto BBU, resulting in a substantial load on the fronthaul connection.
However, the advent of 5G networks and e-CPRI protocol enable more flexible func-
tional splits between BBU and RRU, an example of which is the Split 7-2 which
reduces the load on the fronthaul but increases RRU complexity and production cost.
In this work, we considered a C-RAN system with a fixed total number of antennas
and fronthaul capacity, utilizing multiple RRUs with simpler structures compared to
a single complex RRU structure. We initially investigated a multi-user, multi-RRU
C-RAN without considering the fronthaul capacity limitations and proposed an itera-
tive, gradient-based solution for a sum-rate maximization problem and discussed the
simulation results. After this case, we considered a limited capacity fronthaul C-RAN
and modeled the effect of limited capacity as additional quantization noise. We in-
vestigated the performance of the proposed approach under limited fronthaul capacity

and made comparisons with the previous case.

Our findings demonstrate that utilizing multiple Remote Radio Units (RRUs) of lower
complexity is viable with minimal capacity loss in scenarios involving communica-
tion with multiple users. This addresses one of the primary concerns within massive
MIMO architecture. Furthermore, our proposed algorithm for determining the pre-
coding matrices exhibits quicker convergence when multiple RRUs are employed.
This reduction in computational complexity offers an additional advantage of utiliz-
ing multiple RRUs. It is worth noting that the selection of the number of RRUs should

be made judiciously to ensure quantization with at least 2 bits is achieved in the fron-

85



thaul links. This observation introduces a trade-off between the number of RRUs,
RRU complexity, and cost along with the resultant spectral efficiency that the overall

massive MIMO system can provide.

In the future, this work can be improved further by considering more realistic channel
models for the simulations, instead of the simple clustered channel model that we
have employed. Also, channel error estimation errors can be taken into account in-
stead of assuming perfect CSI. Additionally, accounting for the user admission crite-
ria and proposing a joint optimization problem where we also consider variable power
allocation for each user could lead to a more general precoding design procedure that
may better serve needs in real-world practice. Finally, since we haven’t considered
the correlation between the additional quantization noise term and the quantized sig-
nal, the rate expressions that we have obtained in this work are actually lower bounds.
Through the use of Bussgang decomposition [79], we can obtain a signal model for
quantization noise that is uncorrelated with the quantized signal. This variant of the

proposed approach can also be a topic for future work.
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Appendix A

EQUALITY BETWEEN ORIGINAL AND EQUIVALENT RATE
EXPRESSIONS

In this part, we show the equality between the original rate expression in Eqn.
and equivalent expression in Eqn. [3.I5] We first show the equality between the
nominators of Eqn. [3.6)and Eqn. [3.13] by starting with a simple case such that U = 1,
L =1, M =1,and N = 2 and express the nominator of Eqn. [3.6]as

(W Fyof)) (WP Fof) (A.1)

without considering the power allocation. We can express this in a more open form

as

H
F F
w2 ) (e o] [ 2 A (A2)
Fso 2.2

considering the respective user, fronthaul link, RRU, and RRU antenna numbers that
we have defined before. In this expression, the multiplications inside the parenthesis
are conjugate transposes of each other. Therefore, we can find an equivalent expres-
sion that contains a vectorized F, that we can use to differentiate with respect to £
for only considering a single parenthesis and then multiplying it with its conjugate
transpose. For the expression in Eqn. we have f; = F5, so we can express the

equivalent notation by starting the multiplication with £ as
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Similarly, for U = 1, L = 2, M = 1, and N = 2 we express the nominator of Eqn.
B.6as

Foi1 Foqo
Fyo1 oo

H
Fin Foap| | fin fia
s 2] ) e ] o

We can express Eqn. with an equivalent that starts with £}’ as

H

hi 0 0 O] |ff hy 0 0 0] [fiy

0 he 0 0| |ff 0 he 0 0| |ff
Fiy Fiay Fh, Fy ] : [F* Fi,y F, Fj . (AS)
[ 21 Foza Faaz Fa2af | o0 b0 I 21 Fozn Faaz Fezel | o0 S £

000 0 hol |ff 00 0 hol |ff

Repeating the above steps for increasing U, L, M, and N values, we can obtain the
expressions in Eqn. [3.14] and can express Eqn. [3.6/ as Eqn. [3.13] Since the rate
expression depends on the SINR, we can obtain Eqn. [3.20|by inserting Eqn. [3.13]into
Eqn. 3.7
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Appendix B

EQUALITY BETWEEN ORIGINAL AND EQUIVALENT PER RRU
TRANSMIT POWER CONSTRAINT EXPRESSIONS

In this part, we show the equivalence between the original per-RRU transmit power
expression in Eqn. [3.9]and equivalent expression in Eqn. [3.16]Since Eqn. [3.9|contains
trace operation, we first recall that the gradient of a matrix X for a first-order trace

operation can be expressed as

VxTr(AXB) = ATB7, (B.1)

for matrices A and B. Therefore, our aim is to find an equivalent expression that

contains f, for Eqn. [3.9]such that

Vi Tr(AfB) = ATBT. (B.2)

For a simple case suchas M = 1, N = 2, L = 1, and U = 1, we can express the

matrix multiplication in Eqn. [3.9]as

H
F: F:
e 1) [ 1)

In this case, f; = F5, so we can express Eqn. [B.3]as

(faf1)" (f21) - (B.4)
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For the case when M = 1, N = 2, L = 2, and U = 1, the expression inside the trace

in eq[3.9]is

H
Fori1 Foio fia For1 Foio fia

Fyo1 Fo29 fi2 Fy91 Foo9 fiz2

(B.5)

For this expression, trace is equal to

2 2 2 2
[Foaafial” + [Fappfial” + [Fagafinl” + [Fooofial” + Foy fiiFonafie
+ Fo ool fin + oo [T Fooafi2 + Fooofialo21 f10- (B.6)

In Eqn. the fifth term is the conjugate of the sixth term, and the seventh term is

the conjugate of the eighth term. So the trace is equal to

|F2,1,1f1,1|2 + |FQ,1,2f1,2|2 + [Foo1fin >4 ‘F2,2,2f1,2’2 . (B.7)

Consider the expression below which contains f;

Fy11 Fy11
F2 2,1 |: FZ 2,1
N f fie) A ] | (BS)
Fy19 Fy19
Fo99 | Fo22

For this expression, the trace is

|F2,1,1fl,1|2 + |F2,1,2f172|2 + |F2,2,1f1,1|2 + |FQ,2,2f1,2|2
+ |FQ,1,1fl,2|2 + |Foa2f11 >4 |Fz,2,1fl,2|2 + |FQ,2,2fl,1|2 . (B.9)

In Eqn. [B.9] the summation of the first 4 terms is equal to the summation of the last

4 terms. Therefore, the second trace value is 2, which is equal to L, times the first
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trace value. Repeating the above steps for different configurations, we observe that

the ratio of L is preserved through different L, U, and N values which leads us to the
expression in Eqn. [3.16]

101



102



Appendix C

EQUALITY BETWEEN ORIGINAL AND EQUIVALENT PER RRU
TRANSMIT POWER CONSTRAINT EXPRESSIONS UNDER LIMITED
FRONTHAUL CAPACITY

In this part, we show the equivalence of the per-RRU power transmit constraint and
the equivalent per-RRU power transmit constraint that we have obtained as Eqn. [4.15]
We have already shown the equivalence for this expression when G,, = 0 in Ap-

pendix [Bl We only show the equivalence between TT(CZ“‘) and Tr(FQ,QOFgm) in

N

this part. We first start by considering the matrix multiplication inside the normal ex-
pression, which is FngmFH for the simple case; U =1, L =1, M =1, N =2

2,m>

as

Fy,

Elad’) [F5, Fi,). (C.1)
Fyo

With the values that we have defined, we have f; = F5 and Q,,, = Q for this case and

the trace of this expression is equal to

Elgq")(|Fon|” + |Fopl?). (C.2)

When M =1, N =2, L = 2,and U = 1, we have the matrix multiplication in Eqn.
as

F3i1 Fiaq
a )| |20 (€3)
F2,2,1 F2,2,2 q2 F2,1,2 F2,2,2



and since we have i.i.d zero-mean Gaussian distribution for the quantization noise,

we obtain the traces of the expression in Eqn. [C.3|as

E[q1q]] |F2,1,1|2 + E[q245] |F2,1,2|2 +E[q1q7] |F2,2,1|2 + Elg1¢] |F2,2,2|2 . (C4)

Now, consider the below expression that is containing vectorized f,

Fy11 q;
F2,2,1 qik
K [‘h @ 92 Q2] . [Fz*,u Foon F3ia Fiaal- (C.5)
Faip 45
_F2,2,2_ | _q’zk_ |

The trace of this expression is equal to

2Elq1¢}] + Elg23]) (| Foi|” + | Fopal + [Fonl” + |Fonol?). (C.6)

The result of the expression in Eqn. [C.6is equal to the 4 times the result in Eqn. [C.4]
When we repeat the above steps for different configurations, we observe that the ratio

between T'7(Gm) and Tr(F2,,QnF4,,) is preserved as N x L, which leads us to the
expression in Eqn. 4.13]
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Appendix D

CONVERGENCE OF UTILIZED INITIAL POINT COMPARED TO
RANDOM INITIAL POINT

In this part, we show the advantage of the initial point selection procedure that is
described in Section [3.3] over a randomly selected initial point from the standard
complex normal distribution over the convergence simulations with a single chan-
nel realization for the sum rate expression. Also, average iteration numbers when
convergence has occurred can be seen in Table [D.I] where average iteration numbers
are obtained by running 50 Monte Carlo trials and averaging the iteration numbers
at the convergence point for different configurations. In Algorithm [} we have men-
tioned that convergence is declared if the difference between the last 15 iterations of
the proposed approach is smaller than 10~°. Therefore, selecting a sub-optimal initial
point that is closer to the local minimum for the gradient-descent (or maximum in the
ascent sense) has an advantage over a randomly selected initial point. As observed in
the figures below, selecting a random initial point results in a random starting point
for the sum rate value which is lower compared to the starting sum rate value for the
utilized initial point. The utilized initial point leads to a faster convergence compared
to a randomly selected initial point. Therefore, selecting a sub-optimized initial point
leads to a faster convergence compared to a randomly selected initial point for the

gradient descent algorithm.
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Figure D.1: Comparison of the sum rate convergence with the utilized initial point

versus a randomly selected initial point under no fronthaul capacity constraints.
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Figure D.2: Comparison of the sum rate convergence with the utilized initial point

versus a randomly selected initial point when there is limited fronthaul capacity.
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Initial pointtype | U | M | L | C' | Avg. iteration
Random 2 |8 [ 3 ]- |1436

Utilized 2 |8 |3 |- | 104

Random 4 116 |2 |- 194

Utilized 4 116 |2 |- |17

Random 2 |8 |3 |64 1084

Utilized 2 18 |3 ]64|52

Random 4 116 |2 |64 1484

Utilized 4 116 |2 | 64| 212

Table D.1: Comparisons of average iterations until convergence between random and

utilized initial points
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Appendix E

THE SELECTION OF QUANTIZATION COVARIANCE AND
OPTIMALITY DISCUSSION

In our work, we uniformly quantize a given zero-mean Gaussian input source. The

quantized message vector that is forwarded to RRU m is expressed as

SR R (E.1)

Therefore, this implies the uniform quantization of a Gaussian random variable. Note
that we don’t consider the correlation between additive quantization noise and quan-
tized signal, so the rate we obtain in our work actually serves as a lower bound. For
uniform quantization of a Gaussian source, as is the case in our work, we have the
Gaussian source PDF as shown in Fig. which is uniformly quantized by 2P

points.

A f(z)

1 | I I | 1 1 1
—4A -3A-2A-A A T2AT3ATT4A

\ 4

Figure E.1: Gaussian distributed source probability density

In [[77]], optimal step sizes are found by minimization of MSE expression where MSE

is calculated by assuming uniform variance for the Gaussian source from the integral
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2D/2 A

MSE=2)" /@_m (ac — (i — %A)>2 folx)dz +

i=1

o 2D 1
Q/QDA (x - (7 - 5) A) fo(z)de . (E.2)

2

The work in [77] finds optimal step size values and hence optimal reconstruction
points for z,,; for RRU m and link /, numerically by differentiating the expression
in Eqn. with respect to A and equating it to zero. We have found optimal MSE
values with the optimal step sizes that are given in [76] from the result of Eqn. [E.2]
and these values can be seen from Table for different numbers of quantization
bits. For example, for 1 bit quantization, we assign the reconstruction points for Z,, ;

as — 1.5;96 and % according to the result of Table
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