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An Abstract of the Dissertation of

Asmaa Walid Abdallah for Doctor of Philosophy
Major: Electrical and Computer Engineering

Title: Interference Mitigation in 5G Network Densification Technologies:
Algorithms and Performance Limits

The advent of fifth generation (5G) wireless technology is expected to unleash
an unprecedented boost in network capacity, spectral and energy efficiencies,
and peak data rates, accompanied by a significant increase in the number of
connected devices via ultra-low latency connections. To achieve these aggressive
goals, network densification has emerged as a mainstream technology in 5G in
various manifestations to improve the capacity and spectral efficiency: increasing
the number of base stations, increasing the number of antennas per site (a.k.a.
massive multiple-input multiple-output (MIMO)), deploying distributed cell-free
massive MIMO, employing distributed device-to-device (D2D) communications,
and applying non-orthogonal multiple access (NOMA) communications, among
many others. However, interference, whether in the form of inter-user or inter-cell,
remains the major bottleneck as we densify the networks and reuse the spectral
resources, and cannot be eliminated if we rely on network-centric topologies.
While the spatial dimensions available at the centralized and distributed massive
MIMO base stations (BSs) can be leveraged to suppress interference at the
user equipment (UE), new approaches for interference mitigation that take into
consideration the underlying hardware constraints and impairments, as well as
signaling overhead are needed. In addition, by exploiting the physical proximity of
communicating devices, offloading traffic from network-centric entities to distribu-
ted D2D networks and increasing resource utilization via NOMA communications,
adequate user pairing criteria and power allocation policies become attractive
efficient interference mitigation schemes with affordable complexity and signaling
overhead.

In this dissertation, we investigate the problem of efficient interference mitigat-
ion schemes for emerging network densification technologies in 5G commun-
ications from four different perspectives. First, we propose and analyze channel

Vil



allocation (CA) and power control (PC) schemes to mitigate interference in a
D2D underlaid cellular system modeled as a random network using stochastic
geometry. Second, we extend the proposed interference mitigation techniques
to consider NOMA MIMO systems. Third, in the context of massive MIMO
systems, we propose and analyze the performance of various baseband processing
schemes under low resolution analog-to-digital converters (ADCs). We analyze
the uplink achievable rate by a massive MIMO system when the base station is
equipped with a large number of low-resolution ADCs. We propose new techniq-
ues that account for the severe non-linearity effects of the coarse quantization
and incorporate a pilot-based channel estimation error. Fourth, in the context of
distributed massive MIMO systems, we study angle-domain processing techniq-
ues targeted for suppressing interference in frequency-division duplexing (FDD)
based cell-free massive MIMO systems. Most prior work on cell-free (distributed)
massive MIMO systems assume time-division duplexing mode, although FDD
systems dominate current wireless standards. Efficient power control schemes
are investigated for cell-free massive MIMO systems while considering the effect
of backhaul power consumption. This dissertation describes the research scope,
presents the completed work, and draws the future work.
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Chapter 1

Introduction

1.1 Network Densification Technologies

With the ever-increasing demand for better performance and higher throughput,
network operators are struggling to meet the requirements for fast mobile data
connectivity and more data traffic. From first generation (1G) to fourth generation
(4G), the massive traffic growth has been handled by a combination of wider
bandwidths, refined radio interfaces, and smaller cells [3-5]. As a result of
this development, current cellular networks have reached their capacity limits,
especially in highly populated metropolitan areas.

These escalating demands of mobile applications for massive network capacity
have shaped the design of the upcoming fifth generation (5G) of mobile networks,
which is expected to offer unprecedented levels of connectivity, quality of service
(QoS) and 10x more denser networks than 4G networks [5].

Moreover, early cell densification was achieved by deploying more macro

base stations (BSs) (i.e., macro cellular densification). The main motivation
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was to increase user capacity and achieve wider coverage. This approach was
later expanded to include the use of smaller size stations with reduced coverage
footprint. Micro, pico and small cells utilizing low transmission power and
supporting a smaller number of users are easier to install and provide improved
cost efficiency. A network incorporating these different cell sizes is known as
a Heterogeneous Network (HetNet). HetNets have become the trend in spatial
network densification allowing home users the ability to purchase small cell BSs

and install them in indoor environments where received signal is weak.

However, the higher number of randomly deployed cells in HetNets carries
with it many challenges such increased power consumption, overhead of transmitted
signals, interference and overhead on the backhaul. Despite these challenges,
the tremendous overall performance benefits obtained by network densification
suggest their use will continue to grow and expand in upcoming future wireless
networks. It is expected that network architectures employed in 5G will offer
solutions to many of the current challenges faced by network operators relative

to managing dense networks.

Therefore, network densification [5,6] has become as a key driver for enabling
5G through reusing spectral resources in device-to-device (D2D) communications
and non-orthogonal multiple access (NOMA) systems, increasing the number
of antennas per site in massive multiple-input and multiple-output (MIMO)
systems, and deploying smaller and smaller cells in cell-free massive MIMO
systems. Therefore, 5G densification can be accomplished in space, time and
frequency dimensions [5]. However, managing interference remains one of the
most challenging problems facing network densification. Problems intensify when
BSs of different coverage footprints, access schemes, and transmission powers

share the same licensed frequency spectrum. In addition, while network densification



is seen as an effective method of increasing system capacity and coverage, such

gain comes at the expense of increased power consumption.

1.1.1 D2D Communication Technology

D2D communications is a network densification approach suggested to solve
high-density cellular network challenges. D2D communication underlying cellular
systems enables communication between devices in close vicinity with low latency
and low energy consumption while offloading the telecommunication network
from handling local traffic [7-11]. D2D is a promising approach to support
proximity-based services such as social networking and file sharing [10]. When
the devices are in close vicinity, D2D communication improves the spectral and
energy efficiency of cellular networks [11]. Despite the benefits of D2D commun-
ications in underlay mode, interference management and energy efficiency have
become fundamental requirements [12| in keeping the interference caused by the
D2D users under control, while simultaneously extending the battery lifetime
of the User Equipment (UE). For instance, cellular links experience cross-tier
interference from D2D transmissions, whereas D2D links not only deal with
the inter-D2D interference, but also with cross-tier interference from cellular
transmissions. Therefore, power control (PC) and channel allocation (CA) have
become necessary for managing interference levels, protecting the cellular UEs

(CUEs), and providing energy-efficient communications.

1.1.2 NOMA Communication Technology

While orthogonal multiple access (OMA) schemes have traditionally dominated

wireless communication standards [13-16], where wireless resources are allocated
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for multiple users orthogonally in time, frequency, or code domains, the spectral
efficiency remains low especially when resources are allocated to users with poor
channel conditions.

NOMA [17-20] has been recently proposed as a network densification technology
that enables multiple users with significantly different channel conditions to share
resources simultaneously. This can be achieved through superposition coding
(SC) at the transmitter, that is followed by successive interference cancellation
(SIC) at the receiver. Proper user pairing criteria and power allocation policies
can guarantee user fairness as well as affordable complexity overheads and signaling
costs. NOMA is currently being celebrated as one of the main enabling technologies
of the upcoming 5G of wireless mobile communication standards, which promises

to connect billions of devices and achieve several gigabit-per-second data rates.

1.1.3 Massive MIMO Communication Technology

MIMO [21] technology is another popular approach to increase spectral effi-
ciency and network capacity, which exploits the spatial dimension by adding
more antennas. MIMO systems have been extensively studied over the past three
decades. However, conventional MIMO configurations fall short of providing the
requirements of 5G. Towards this end, massive MIMO has been introduced [22],
in which few hundred antennas serve tens of terminals over the same time and
frequency resources. However, equipping the base station (BS) with a large
number of antenna elements dramatically increases the associated hardware cost
and resulting power consumption of the radio-frequency (RF) circuits and data
converters. It is known that the power consumption of analog-to-digital converters

(ADCs) grows significantly with the number of quantization bits [23,24] and with
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large sampling rates. One potential solution is the use low-resolution quantized
massive MIMO (e.g., 1-bit ADCs) as a means of reducing costs and power
consumption, and improving computational efficiency [24-30]. However, the main
drawback of reducing the ADC resolution is the need to compensate for the
severe non-linearity introduced by quantization, which might render traditional

detection schemes highly sub-optimal.

1.1.4 Cell-Free Massive MIMO Communication Technology

Cell-free massive MIMO has recently been considered as a practical and useful
embodiment of network MIMO that can potentially reduce inter-cell interference
through coherent cooperation between base stations [31-34]. In cell-free massive
MIMO, the serving antennas are distributed over a large area. Distributed
systems can potentially provide higher coverage probability than co-located massive
MIMO due to their ability to efficiently exploit diversity against shadow fading
effects, at the cost of increased backhaul requirements [35]. According to [34],
“cell-free” massive MIMO implies that, from a user perspective during data
transmission, all access points (APs) cooperate to jointly serve the end-users;
hence there are no cell boundaries and no inter-cell interference (ICI) in the data
transmission. The APs are connected to a central processing unit (CPU) via
a backhaul link. This approach, with simple signal processing, can effectively
control ICI, leading to significant improvements in spectral and energy efficiency
over the cellular systems [31-35|. The main challenge in deploying cell-free net-
works lies mainly in acquiring sufficiently accurate channel state information
(CSI) so that the APs can simultaneously transmit (receive) signals to (from) all

UEs and cancel interference in the spatial domain. The conventional approach



of sending downlink (DL) pilots and letting the UEs feed back channel estimates
is unscalable since the feedback load is proportional to the number of APs.
Therefore, to reduce the signaling overhead [36, 37|, channel reciprocity can be
exploited in time-division duplex (TDD) mode so that each AP only needs to

estimate the uplink CSI.

An attractive alternative to consider is frequency-division duplexing (FDD)
based cell-free massive MIMO systems for the following reasons: 1) channel
reciprocity in TDD mode might not be accurate due to calibration errors in
RF chains [38], 2) with the lack of downlink training symbols in TDD systems,
users may not be able to acquire instantaneous CSI, and thus system perform-
ance will deteriorate in detecting and decoding the intended signals, 3) while
TDD operation is preferable at sub-6 GHz massive MIMO, in millimeter wave
(mmWave) bands FDD may be equally good since the angular parameters of the
channel are reciprocal over a wide bandwidth [39], and 4) FDD systems dominate
current wireless communications and have many benefits such as lower cost and
greater coverage than TDD [40]. On the other hand, FDD-based cell-free massive
MIMO systems still suffer from CSI acquisition and feedback overhead since the
amount of downlink CSI feedback scales linearly with the number of antennas [41]
and the number of APs in cell-free massive MIMO system. However, we can still
benefit from 1) angle reciprocity, which holds true for FDD systems as long as the
uplink and downlink carrier frequencies are not too far from each other (less than
several GHz [42]), and 2) angle coherence time which is much longer than the
conventional channel coherence time [43] where the channel angle information
can be regarded as unchanged. Hence, angle information is essential in FDD-
based cell-free massive MIMO systems. Therefore, a low complexity estimation

approach that can efficiently estimate the angle information is required. In
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addition, array signal processing schemes based on the estimated angle informa-

tion are needed to enhance the overall spectral efficiency and energy efficiency.

1.2 Contributions and Outline

The purpose of this dissertation is to design efficient interference mitigation
schemes for the aforementioned network densification technologies. Using theore-
tical analysis and empirical simulations, the proposed algorithms are proven to be
high-performance and low-complexity solutions. The structure of this dissertation
is as follows:

Chapter 2 covers the existing work related to the aforementioned network
densification technologies in terms of power control and resource allocation schemes
for D2D communication, detection and power control schemes for NOMA systems,
low resolution detection for massive MIMO systems, and array signal processing
schemes for cell free massive MIMO.

Chapter 3 considers a random network model for a D2D underlaid cellular
system based on stochastic geometry. We propose a channel allocation scheme
together with a set of three power control schemes to mitigate interference in a
D2D underlaid cellular system modeled as a random network using the mathe-
matical tool of stochastic geometry. The novel aspect of the proposed CA scheme
is that it enables D2D links to share resources with multiple cellular users as
opposed to one as previously considered in the literature. The coverage probability
of D2D links and that of cellular links is studied and analyzed.

Chapter 4 considers the analysis of the proposed power control schemes for

7



the D2D underlaid cellular system. Moreover, it is shown that the accompanying
distributed PC schemes further manage interference during link establishment
and maintenance. The first two PC schemes compensate for large-scale path-
loss effects and maximize the D2D sum rate by employing distance-dependent
path-loss parameters of the D2D link and the base station, including an error
estimation margin. The third scheme is an adaptive PC scheme based on a
variable target signal-to-interference-plus-noise ratio, which limits the interfer-
ence caused by D2D users and provides sufficient coverage probability for cellular
users. Closed-form expressions for the coverage probability of cellular links, D2D
links, and sum rate of D2D links are derived in terms of the allocated power,
density of D2D links, and path-loss exponent. The impact of these key system
parameters on network performance is analyzed and compared with previous
work. Simulation results demonstrate an enhancement in cellular and D2D
coverage probabilities, and an increase in spectral and power efficiency. This

work has been published in [44-46].

Chapter 5 extends the study in Chapter 3 to consider efficient interference
mitigation schemes for large MIMO-NOMA systems. We assume a large number
of antennas on both, transmitting and receiving sides, and we propose clustering
and power control schemes for a randomly distributed users in which users in each
cluster are served on the same time-frequency resources and allocated different
powers depending on their distance from a base station. Through special layer
ordering and power allocation, we show that successive interference cancellation
at stronger streams can be carried with minimal performance-complexity costs
at the receiver side using detectors previously proposed in [47|. Simulations
demonstrate that the proposed schemes are near-optimal compared to previous

work.



Chapter 6 studies the uplink throughput achievable by a massive MIMO
system in which the base station is equipped with a large number of low resolution
analog-to-digital converters. We propose a new linear MMSE-based detector
which accounts for the severe non-linearity effect of the low resolution quantization
and incorporates a pilot-based channel estimation error. An analytical framework
that derives the achievable rate of a MMSE-based detector in a massive MIMO
configuration with the assumption that the front-end is limited to a 1-bit ADC
and the pilot-based channel estimation error is presented. We compare the
capacity of a massive MIMO system using a 1-bit ADC and a linear detector
against a conventional MIMO system with higher-order modulation and near
maximum likelihood (ML) detection. We show that in the low SNR regime with
channel estimation error, the quantized massive MIMO system can outperform
the conventional large MIMO system; however for high SNR, the conventional
MIMO system with a near ML detector can outperform the quantized massive

MIMO system. This work has been published in [48,49|.

Chapter 7 considers FDD-based cell-free massive MIMO in which distributed
multi-antenna access points serve many single-antenna users simultaneously. Most
prior work on cell-free massive MIMO systems assume time-division duplexing
mode, although FDD systems dominate current wireless standards. The key
challenges in FDD massive MIMO systems are CSI acquisition and feedback
overhead. To address these challenges, we exploit the so-called angle reciprocity
of multipath components in the uplink and downlink, so that the required CSI
acquisition overhead scales only with the number of served users, and not the
number of AP antennas nor APs. We propose a low complexity multipath
component estimation technique and present linear angle-of-arrival (AoA)-based

beamforming/combining schemes for FDD-based cell-free massive MIMO systems.
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We analyze the performance of these schemes by deriving closed-form expressions
for the mean-square-error of the estimated multipath components, as well as
expressions for the uplink and downlink spectral efficiency.

Chapter 8 continues the work done in Chapter 7 and considers a max-
min power allocation problem that maximizes the minimum user rate under
per-user power constraints, using semi-definite programming. Furthermore, we
present a user-centric (UC) AP selection scheme in which each user chooses a
subset of APs to improve the overall energy efficiency of the system. Simulation
results demonstrate that the proposed multipath component estimation technique
outperforms conventional subspace-based and gradient-descent based techniques.
We also show that the proposed beamforming and combining techniques along
with the proposed power control scheme substantially enhance the spectral and
energy efficiencies with an adequate number of antennas at the APs. This work

has been published in [50,51].

Chapter 9 concludes the dissertation and specifies future directions.
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Chapter 2

Literature Review

The aim of this chapter is to review the state-of-the-art for the interference
mitigation techniques that are applied in D2D, NOMA, massive MIMO, and cell-
free massive MIMO systems. The related work covers power control and resource
allocation schemes for D2D communication, detection and power control schemes
for NOMA systems, low resolution detection for massive MIMO systems, and

array signal processing schemes for cell free massive MIMO.

2.1 Power Control and Resource Allocation in D2D
Communications

Power control and channel allocation schemes have been presented in the
literature as strategies to mitigate interference in D2D wireless networks [1,2,52—
66]. In [52], open loop PC (OLPC) and closed loop PC schemes (CLPC), used in
LTE [67], are compared with an optimization based approach aimed at increasing

spectrum usage efficiency and reducing total power consumption. However, such
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schemes require a large number of iterations to converge.

In [53-56], a power allocation scheme is presented based on a “soft dropping”
PC algorithm, in which the transmit power meets a variable target signal-to-
interference-plus-noise ratio (SINR). However, the system considered is not random,

and the D2D users in [54-56] are confined within a hotspot in a cellular region.

In [57], a D2D “mode” is selected in a device based on its proximity to other
devices and to its distance to the eNB. However, the inaccuracy of distance
derivation is a key aspect that is not addressed in [57]. In [59], a two-phase
auction-based algorithm is used to share uplink spectrum. The authors assume
that all the channel information is calculated at the eNB and broadcasted to users
in a timely manner, which will cause an excessive signaling overhead. In [60],
a heuristic delay-tolerant resource allocation is presented for D2D underlying
cellular networks; however, power control is ignored since D2D users always

transmit at maximum power.

In the above schemes, power control and channel allocation methods [52—
56, 59, 60, 65, 66| are developed and evaluated assuming deterministic D2D link
deployment scenarios. On the other hand, PC in [1] is presented for unicast D2D
communications by modeling a random network for a D2D underlaid cellular
system, using stochastic geometry. D2D users are distributed using a (2-dimensional)
spatial Poison point process (PPP) with density A. Stochastic geometry is a useful
mathematical tool to model irregular spatial structures of D2D locations, and to
quantify analytically the interference in D2D underlaid cellular networks using the
Laplace transform [68-70]. Two PC schemes are developed in [1]; a centralized PC
and a simple distributed on-off PC scheme. The former requires global channel
state information (CSI) possibly at a centralized controller, which may incur high

CSI feedback overhead, whereas the latter is based on a decision set and requires
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only direct link information. However, the authors assume a fixed distance bet-
ween the D2D pairs, and that the D2D devices for the distributed case operate
at maximum power leading to severe co-channel interference. Moreover, the
distributed PC scheme of [1| does not guarantee reliable cellular links, especially
at high SINR targets. In [2]|, similar PC algorithms to [1] are presented but
with channel uncertainty considered; the results in 1] are regarded as ideal best-
case scenarios with perfect channel knowledge. In [61,62], a framework based on
stochastic geometry to analyze the coverage probability and average rate with
different channel allocations in a D2D overlaid cellular systems is presented.
In [63], PC and resource allocation schemes are considered; however,

the interference between D2D pairs is ignored. In [64], a transmission cost
minimization problem using hypergraph model is investigated based on a content
encoding strategy to download a new content item or repair a lost content item in
D2D-based distributed storage systems. Moreover, [64] considers the one-to-one
matching case, in which only one D2D link shares resources with only one uplink
cellular user. In [65,66], resource allocation is considered where one D2D link
shares resources with only one cellular user in the underlay case. Obviously, these
schemes in [63—66] are not spectrally efficient because D2D pairs are restricted to
use different resource allocations. In [71, 72|, power control is studied in random

ad hoc networks without taking into consideration the underlaid cellular network.

2.2 Detection and Power Control in MIMO-NOM A
systems

The combination of MIMO and NOMA (MIMO-NOMA) [73-82] is an inevitable

extension to both technologies, that has the potential to improve spectral effi-
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ciency and achieve high data rates, dense coverage, massive connectivity and low
latency, all of which are major requirements of 5G. MIMO-NOMA configurations
can be single-cluster or multi-cluster. In a single-cluster setting, all users, except
one, conduct SIC. In a multi-cluster setting, users are first partitioned into
different clusters to reduce interference, and SIC follows. The full potential of
MIMO-NOMA is achieved by the joint optimization of user clustering, beam-
forming, power allocation, and SIC. In [74], an ergodic capacity maximization
problem is studied for Rayleigh fading MIMO-NOMA with statistical channel
state information (CSI) at the transmitter. Both, optimal and low complexity
power allocation schemes were used to maximize the ergodic capacity, with total
transmit power constraint and minimum rate constraint over weak users. Whereas
in [75], fairness, weighted sum rate, sum rate with quality of service constraints,
and energy efficiency maximizations are considered, and the matching algorithm

is employed to jointly optimize channel assignment and power allocation.

Several MIMO-NOMA-specific digital signal processing designs have been
presented for precoding and detection. Joint clustering and precoding is achieved
in [76] by using eigenspaces of channel matrices, to eliminate inter-cluster interfer-
ence and enhance sum capacity. In [77, 78|, user pairing and the design of
precoding and detection matrices for downlink transmissions are studied, where
the performance is analyzed in terms of outage probabilities and diversity orders.
In [79], downlink minimum Euclidean distance precoders are presented by combin-
ing methodologies previously developed for unicast and multicast MIMO scenarios.
In [80], minorization-maximization based hybrid precoding is presented, where
user clustering and power allocation pair two suitable users in a group. Furth-
ermore, an iterative linear minimum mean square error (MMSE) uplink detector

is proposed in [81], and a Gaussian message passing iterative detector is proposed
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in [82]. The latter converges faster when the number of users is greater than the

number of serving antennas.

MIMO performance is largely determined by the detection scheme at the
receiver side; various schemes provide different performance-complexity trade-
offs [83]. Linear detectors, such as zero forcing (ZF) and minimum mean square
error (MMSE), are the least-complex, but the least-optimal as well. On the other
hand, maximum likelihood (ML) detectors are optimal but most computationally
intensive. Several sub-optimal detectors fill the spectrum in between, including
sphere decoders (SD) and their variants [84,85]. While in massive MIMO systems
linear detectors achieve near-optimal performance by exploiting the channel harden-
ing effect [86], for large MIMO systems, the detection schemes in the literature are
grouped into several areas: detection based on local search [87]; detection based
on meta-heuristics [88]; detection via message passing on graphical models [89];
lattice reduction (LR) aided detection [90|; and detection using Monte Carlo
sampling [91]. However, for these schemes to achieve a near-ML performance
with high orders of antennas and modulation constellations, the entailed comp-

lexity would be prohibitive.

A popular family of MIMO detectors that achieves good performance-complexity
trade-offs employs non-linear subset-stream detection. The nulling-and-cancellation
(NC) detector [92] is a low-complexity member of this family; it consists of linear
nulling followed by back-substitution and slicing over layers. The chase detector
(CD) [93] is a more complex member of this family; it first creates a list of
candidate decision vectors, and then chooses the best candidate from this list as
a final decision. Furthermore, the layered orthogonal lattice detector (LORD) [94]
is an even more complex detector that consists of several iterations of CD. All

aforementioned subset-stream detectors make use of QR decomposition (QRD).
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Other popular subset-stream detectors exist (e.g., [95-97]), that decompose the
channel matrix into lower order sub-channels to reduce the number of jointly
detected streams. A less complex alternative [47,98-100] is to decompose the

channel matrix via a punctured QRD, WR decomposition (WRD).

2.3 Low Resolution Detection in Massive MIMO

Prior work has studied the case of uplink quantized massive MIMO [24-27|,
and analyzed the non-linearity effects of quantization. However, there has not
been any comparison of achievable rates of the 1-bit uplink massive MIMO with
that of a conventional MIMO system employing higher-order modulation (e.g.,
1024-QAM) schemes. In addition, linear detectors such as ZF, match filtering,
and maximal ratio combining (MRC) have been previously analyzed in [24] for
the uplink massive MIMO with 1-bit ADCs. However, linear MMSE detection,
that accounts for the non-linearity effect of the low resolution ADCs, has not
been analyzed in previous work. In [101,102] the gradient projection algorithm is
used to iteratively find a precoder that minimizes the mean square error (MSE)
between the transmitted and the received signal for the downlink case, but [101,

102| contain no mathematical analysis of the achievable rate.

2.4 Array Signal Processing in Cell Free Massive
MIMO

There has been considerable interest, in only TDD mode, cell-free massive

MIMO systems [31-35,103|. In [31], a cell-free system is considered and algorithms
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for power optimization and linear precoding are analyzed. Compared with the
conventional small-cell scheme, cell-free massive MIMO can yield more than ten-
fold improvement in terms of outage rate. While in [32], the APs perform
multiplexing/de-multiplexing through conjugate beamforming in the downlink

and matched filtering in the uplink.

In [33], a cell-free massive MIMO downlink is considered, wherein a large
number of distributed multiple-antenna APs serve many single-antenna users. A
distributed conjugate beamforming scheme is applied at each AP via the use of
local CSI. Spectral efficiency and energy efficiency are studied while considering

channel estimation error and power control.

In [103,104], cell-free and user-centric architectures at mmWave frequencies
are considered. A multiuser clustered channel model is introduced, and an uplink
multiuser channel estimation scheme is described along with hybrid analog/digital
beamforming architectures. Moreover, in [104], the non-convex problem of power
allocation for downlink global energy efficiency maximization is addressed. In [105],
an uplink TDD-based cell-free massive MIMO system is considered. Geometric
programming GP is used to sub-optimally solve a quasi-linear max—min signal-

to-interference-and-noise ratio (SINR) problem.

Angle estimation has been studied in other wireless networks without considering
cell-free massive MIMO networks (see e.g. [106-115]). For instance, subspace-
based angle estimation algorithms, such as multiple signal classification (MUSIC),
estimation of signal parameters via rotational invariance technique (ESPRIT) and
their extensions have gained interest in the array processing community due to
their high resolution angle estimation capability [106-108]. Their applications
in massive MIMO systems and MIMO systems for angle estimation have been

presented in [109-112]. Unfortunately, the classical MUSIC and ESPRIT schemes
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are not suitable for mmWave communications due to the following main reasons:
1) They have high computational complexity mainly due to the singular value
decomposition (SVD) operation on channels with massive number of antennas;
2) They are considered as blind estimation techniques originally targeted for
radar applications, and do not make full use of training sequences in wireless
communication systems.

In [113-115], an angle-of-arrival (AoA) estimation scheme for mmWave massive
MIMO systems with a uniform planar array at the base station is presented.
The initial AoAs of each uplink path are estimated through the two dimens-
ional discrete Fourier transform (2D-DFT), and then the estimation accuracy is
further enhanced via an angle rotation technique. The AoA estimation scheme
in [113-115| does not consider the cell-free massive MIMO network and ignores
the large scale fading estimation. Moreover, in order to apply efficient beamform-
ing and combining techniques, large scale fading estimation is crucial in FDD-
based cell free massive MIMO system. Hence in this work, we further extend the
estimation scheme in [113-115] to consider FDD-based cell-free massive MIMO
system and estimate both AoA and large scale fading coefficients. In addition
using the estimated AoA and the large scale fading, we apply low complexity
angle-based beamforming/combining in downlink and uplink directions.

In [116], a multipath component estimation technique and base station coopera-
tion scheme based on the multipath components for the FDD-based cell-free
massive MIMO systems are presented. However, no closed form expression of the

MSE of the considered multipath estimation is presented.
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Chapter 3

Channel Allocation and Coverage
Probability Analysis for D2D
Underlaid Cellular Systems

In this chapter, we propose channel allocation and analyze the performance
assuming a random D2D underlaid cellular network model. A main shortcoming
in most papers in the literature is that unrealistic assumptions are considered. For
instance, in [1,2| the authors rely on deterministic values such as fixed distance
between the D2D transmitter and receiver, fixed transmission power, and fixed
SINR targets and they only consider one cellular user sharing the resources with
the D2D links. These deterministic assumptions simplify the derivation of the
analytical models, but are in many cases unrealistic. In our work, we study
a general scenario by randomly modeling the distance between the D2D pairs,
assigning different transmission power to D2D links, varying the SINR targets,
and consider multiple cellular users sharing the resources with the D2D links.
Therefore, the presented analytical expressions in this work give more insight

into the performance of a D2D underlaid cellular system in a rather more realistic
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Figure 3.1: A single-cell D2D underlaid cellular network. Two cellular users c;
and ¢y establish a link with the eNB while several active D2D links are established
in a disk centered at the eNB with radius Rc. For the case m = 2, a subset of
active D2D links share resources with cellular UE ¢; (), while other D2D links
share resources with ¢y (A).

approach. The corresponding results appeared in [44-46].

3.1 D2D System Model

In this section, the system model and the corresponding network parameters
are presented. As shown in Fig. 3.1, we study a D2D underlaid cellular network
in which a pool of K active D2D users is divided into M groups such that each
group shares distinct resources with one of M cellular users, as opposed to the
assumption taken in [1,2| where all the K D2D users share the same resource
with one cellular user. The e-Node B (eNB) coverage region is modeled as a

circular disk C with radius Rc and centered at the eNB. We assume that two
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Figure 3.2: The system model shows the channel model for one of the cellular
users and a subset of active D2D links that share resources with ¢;. The active
D2D links outside the cell are considered as out-of-cell D2D interference, whereas
out-of-cell interference from cellular users belonging to cross-tier cells is ignored.

cellular users are uniformly distributed in this disk, while the D2D transmitters
are distributed in the whole R? plane by the homogeneous PPP ® with density \,
where P[® = n] = exp (—\) 27. The PPP assumption corresponds to having the
expected number of nodes per unit area equal to A\, and the nodes being uniformly
distributed in the area of interest. Hence, the number of D2D transmitters
in C is a Poisson random variable K with mean E[K] = ArR%. In addition,
the associated D2D receiver is uniformly distributed in a disk centered at its

transmitter with radius Rp.

We consider a particular realization of the PPP ® and a transmission time
interval (TTI) ¢ to describe the system model. In the following, we use subscript
0 to refer to the uplink signal received by the eNB, ¢,, to refer to the mth

transmitting cellular user, and k£ # 0 to refer to the kth D2D user. Denote
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by sg;)Cm the signal transmitted by the mth cellular user in the uplink, and by

s,(:)k the signal transmitted by the kth D2D transmitter to its kth D2D recewwver,
during the TTT ¢. We assume distance-independent Rayleigh fading channel
models between the eNB and the UEs, between the eNB and the D2D users,
and between the D2D users themselves. Let héf)Cm denote the uplink channel gain
between the mth cellular user and eNB, h,(f)k the direct link channel gain between
the kth D2D transmitter (TX) and corresponding kth D2D receiver (RX), h(ﬁc
the channel gain of the interfering link from the kth D2D TX to the eNB, h,(ilm
the channel gain of the interfering link from the mth cellular UE to the kth D2D
RX, and hff)l the lateral channel gain of the interfering link from the /th D2D
TX to the kth D2D RX. Random variables ng and n, denote additive noise at
the eNB and the kth D2D RX, and are distributed as CAN(0,0?), where o2 is
the noise variance. We also assume a distance-dependent path-loss model, i.e.,
a factor of the form d; 7" that modulates the channel gains, where dj,; represents

the distance between the [th TX and the kth RX, with a being the path-loss

exponent.

Moreover, we assume that each cellular user and a subset K’ < K of the D2D
transmitters share the same uplink physical resource block (PRB) during the
same TTT (¢) as depicted in Fig. 3.2. Furthermore, we assume that the channel
coherence bandwidth is larger than the bandwidth of a PRB, leading to a flat
fading channel over each PRB. Therefore, the received signals y,g,tz, at the kth

D2D receiver, and yéti at the eNB can be expressed as

K/

¢ 6 ) —/2 4 ) (8 ~/2 @ ¢
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Yor, = hion o, soh 4D hekdS) s 4 ng). (3.2)
k=1

The transmit powers py, and pp are conditioned to meet certain peak power
constraints, i.e. py £ |$0,Cm|2 < Poaxc and p, = [spx|? < Puaxp for all links.
The channel gains are estimated at each D2D receiver using the reference signal
received power (RSRP), and are fed back to the corresponding D2D transmitter.
In addition, it is worth noting that E[K] represents the average number of D2D
links (or transmitters) before channel allocation, whereas E[K’] represents the

number of D2D links (or transmitters) sharing resources with c,,.

W
The SINR of any typical link is defined as SINR £ TN where W represents
the power of the intended transmitted signal, [ represents the power of the
interfering signals, and N denotes the noise power. Therefore, the SINR at the

eNB and D2D receiver k can be written as

_ e (3.3)
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SINR, (K, p) = L k>0 (3.4)

—a 9
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where p = [po, p1,- -+, pr]’ represents the transmit power profile vector, with p;
being the transmit power of the ith UE transmitter, and K’ is the number of

D2D transmitters. The super-subscript (¢) is suppressed for simplicity.

The proposed system model ignores the out-of-cell interference transmission
from other uplink users from cross-tier cells. However, the density of the D2D
links is a network parameter that captures the expected interference on cellular
and D2D links. Moreover, when the density of the D2D links is high, the proposed

system is able to capture the effect of the dominant interferer for both cellular
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(uplink) and D2D links, since there is a high probability that the nearest D2D
interferer would become the dominant interference of a D2D link and that of the
cellular link. Furthermore, when this network parameter is high, it can provide
an upper bound on the performance of a D2D underlaid cellular network with
out-of-cell interference. In addition, one can note that the radius of the disk R¢
is large enough to encompass all the D2D pairs, since the dominant interference

is generated from the nearest D2D interferers.

Based on the above defined SINRs, we use the coverage probability and
achievable sum rate as metrics to evaluate system performance. Precisely, the
proposed CA and PC algorithms aim to maximize those quantities while maintaining
a minimum level of Quality-of-Service (SINR threshold ). The coverage probabilities
of both the cellular link and D2D links are derived in this work. The cellular

coverage probability Peoy.c(Bo) is defined as

PCOV,C(BO) = E[PCOV,C(p7 50)] = E[P(SINRO(K/v p) Z 60)]7 (35)

where 3y denotes the minimum SINR value for reliable uplink connection. Similarly,

the D2D coverage probability P.oy p(8k) is defined as

Peov,p(Br) = E[Peov,p(p, Br)] = E[P(SINRL(K', p) > )], (3.6)

where [, denotes the minimum SINR value for a reliable D2D link connection.

In addition, the ergodic sum rate of D2D links is defined as

K/
RV =E | log, (14 SINR4(K', p))| . (3.7)
k=1

The main system parameters are summarized in Table 3.1.
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Table 3.1: System Parameters

Cell radius Rc

PPP of all D2D users in the cell d

PPP of all D2D users in the cell after channel allocation | &’

Density of D2D links (D2D/m?) A

Channel gain from the cellular UE ¢, to eNB ho.com

Channel gain from D2D TX k to D2D RX k P

Channel gain from D2D TX k to eNB ho.k

Channel gain from the cellular UE ¢, to D2D RX k Pk e

Channel gain from D2D TX [ to D2D RX k hi,

Distribution of channel fading (h ) Rayleigh fading |hy | ~ exp (1)
Distance between D2D links (dj k) Uniformly distributed
Distance between uplink user and eNB (dg,,) Uniformly distributed
Distance between D2D TX k and eNB (dp ) Uniformly distributed
Expectation of an event E[]

Probability of an event P[]

Laplace transform of a variable X Lx

Coverage probability of link L Peov,L

Transmit probability Prx

Ergodic sum rate of D2D links RgD)

Maximum transmit power for cellular user Prax,c

Maximum transmit power for D2D user Prax.D

Receiver sensitivity (dBm) Orx

Cumulative distribution function (cdf) of variable X Fx ()

Probability density function (pdf) of variable X fx()

3.2 Proposed Channel Allocation Scheme

In this section, we propose a channel allocation scheme that enables active
D2D users to share the same resource blocks used by M >1 (two or more) cellular
UEs (CUEs). Its main objective is to decrease the density of D2D users sharing
the same resource with a particular cellular user by dividing all active D2D pairs
into M groups, such that each group shares resources with one of M distinct
CUEs. By this, we further extend the system model in [1,2], where only the case
M =1 is considered and all the active D2D pairs are assumed to share resources
with only one CUE. However, we include in our study a new resource allocation

scheme for M > 1.
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Initially, mode selection determines whether a D2D pair can transmit in D2D
mode or in cellular mode, and time and/or frequency resources are allocated
accordingly. For simplicity, we study the case of two CUEs (M = 2); the same
approach is also generalized for any M. Using the independent thinning property
[117], we independently assign random binary marks {1, 2} to the subset of active
D2D users that can share resources with cellular users ¢; and ¢, respectively. The
assignment is based on the following criterion: when the distance between the
cellular UE ¢; and the kth D2D RX is greater than the distance between cellular
¢ and the kth D2D RX (dg., > di.,), the kth D2D TX at instant (¢) will be
assigned the value {1}; otherwise the D2D TX will be assigned {2}. Consequently,
all D2D users assigned with value {1} will share the same resources as ¢;, while
the rest will share the same resources as co. Therefore, sharing resources with
the farthest cellular user reduces the interference at the eNB by decreasing the
density of the D2D TXs sharing the same resources, and reduces the interference

generated from the cellular user at the D2D RXs.

Remark 1. Independent thinning of a PPP alters the density of the point process.
If we independently assign random binary marks {1,2} with P[Qy = 1] = ¢ and
P[Qr = 2] = 1 —¢q to each point in a PPP and collect all the points which are
marked as 1, the new point process will be a PPP &' but with density ¢\, while
the remaining points marked as 2 will have a PPP ®” with density (1 — ¢)\. In
our case, the arrival of D2D users such that djy., > dj ., is independent of the
arrival of another pair of D2D users such that dj ., > di.,. Hence the thinning

property applies.

Lemma 1. Using the above remark, half of the active D2D users will share the
same resources with one of the cellular users and the other half will share them

with the other cellular user.
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Proof. The proof relies on the pdf of the distance between two uniformly distributed

points, which is given by |118|:

2r (2 ([ r r 72
=— (= — |- V1= 55 0<r<2Rc. 3.8
fdk,cm (71) R% <7T COS (2RC> ﬂ_RC 4R%> ) ST C ( )

Using (3.8), we have P[Q; = 1] = ¢ =

%. See detailed proof in Appendix A.1.
A similar approach can be applied for a more general case of M CUEs. A D2D
UE shares resources with the CUE that is furthest away from it. For instance,
if resources are shared with M CUEs, then after M — 1 comparisons, P[dj,, >
%, where

Zy%zl- O

maxX,£m{dkc,, 7dk,cM}] = P[Qr = value assigned to ¢,,] = qr =

We show in Section 3.3 that the coverage probabilities for cellular and D2D
links depend on the density of the D2D users sharing the same resource. With
the proposed CA scheme, the density of the D2D users is decreased by a factor
of ¢ < 1 to be g\. Therefore, the interference at the eNB is further reduced
compared to the scenario considered in [1|, because here a smaller number of
D2D users (E[K’] = % = LATRY) share the same resources with the each
CUE.

It should be noted that sharing resources with more than one CUE increases
the coverage probability, which is intuitive as the interference caused by the D2D
links is reduced. However, upon increasing M (implying decreasing K'), the
spectral efficiency of the system will decrease according to (3.7), and hence we
would lose one of the main advantages of D2D communications that is increasing
the spectral efficiency of the cellular system. Therefore, a trade-off exists between

enhancing the link coverage probability and increasing the system throughput.

In addition, the complexity of the proposed channel allocation is O(M K)
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where K is the total number of the D2D links that will share resources with
(M > 1) uplink cellular users. This is due to the fact that the base station will
compute, for each D2D link, the distance (dj.,,) from the kth D2D receiver to
the all M cellular users (where 0 < & < K and 1 < m < M). Therefore, the
base station computes a total of M K distance parameters (dj,,,) to perform the

comparisons (dj ,, > max,zm{dic,, " ,de}) as discussed above.

3.3 Analysis of Coverage Probability

In this section, the cellular and D2D coverage probabilities are derived using
the tool of stochastic geometry. In order to analyze the coverage probabilities,
the transmit powers p; of the D2D transmitters are assumed to be i.i.d. with cdf
F,.(-), k =1,--- ,K’, and the transmit power py of the uplink cellular user is

independent having distribution Fj(-).

3.3.1 Cellular Link Coverage Probability

Based on the system model and assuming that the eNB is located at the origin,
the SINR of the uplink is given by (3.3). We are interested in the cellular coverage
probability Peoy.c(Bo), which is the probability that the SINR of cellular link is
greater than a minimum SINR f for a reliable uplink connection as defined (3.5).
Using Lemma 1, we derive an analytical expression for the coverage probability

of a cellular link.

Proposition 1. The cellular coverage probability is given by

Poowc(Bo) = Ex |e- X 0X* | (3.9)
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TPQr=1]A52 “E[p

where a; = fy0?, 0y = 510705 p ], and X =d§, py'is arandom variable

with cdf

Fx(l’) = deO,cm (xl/apl/a)deo (p)
Proof. See Appendix A.2. n

One can note that the SINR of the uplink signal given in (3.3) is independent
of dj,,; however, it depends on K’, which is the number of D2D users sharing
the resource block with a particular uplink cellular user c¢,,,. Therefore, the base
station depends on how far the D2D users are from it and not how far the D2D
users are from the cellular users; therefore, the joint probability distribution with
respect to the random location of ¢,,’s is not needed when deriving the cdf of the
SINR at the eNB.

The coverage probability depends on three D2D-related network parameters:
PQr =1] = ¢, A\, and E[pi/a]. As the density g\ of D2D transmitters decreases,
ﬁcov,C(BO) increases because a lower D2D link density causes less interference to
the cellular link. Moreover, the random D2D PC parameter py, affects Peoy.c(S0)
only through its (2/a)th moment.

Since the cellular user is uniformly distributed in a circle with center eNB and

radius R = R¢, the cdf of the distance d = dy ,, of the uplink is given by

0 ifr <0
Fa(r) =4 & if0<r <R (3.10)
1 ifr>R.

Using (3.10), we consider the case when the uplink user employs a constant
transmit power pg = Ppayc, and assume a noise variance of o2 = 0 (so SINR,

is reduced to SIRq (signal-to-interference ratio)). For a given path-loss exponent
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value, the coverage probability in the interference-limited regime becomes

1 a2/a
Pcov,C(ﬁO) = eXp <_90T Po >é—§d’l“ = na2/a . ) (311)
0 C E[K']B,

2/«
sinc(2/a)p(2)/a [pk ]

where E[K'] = P[Q),=1]\7R%.

Expression (3.11) explicitly shows that the coverage probability of the cellular
link depends on: 1) the average number of active D2D transmitters E[K], 2)
certain moments of the power transmitted from the D2D transmitters, 3) the

power transmitted by the cellular user pg, 4) path-loss exponent «, and 5) the

target SINR threshold (.

3.3.2 D2D Link Coverage Probability

Using the same approach in the previous subsection, the SINR of the kth D2D

link, based on the system model, is given in (3.4). Then:

Proposition 2. The D2D coverage probability is given by

73cov,D(ﬁlc) - EZ €_a2Z_0kZQ/a£Y(BkZ)] ) (312)

where B, is the minimum SINR required for reliable transmission, as = B,0?,

_ 2/«
0, = %E[pi/a], 7 = dzikp,;l is a random variable with cdf

FZ(Z) - f de,k (xl/apl/a)dek (p)7 Y = |hk7c7n

2d,;ﬁ‘mpo, and Ly (B Z) = Ey[e~P+2)Y],

Proof. See Appendix A.2.1. n

Using the fact that |y, |* ~ exp (1), which implies P(|hs.,, |> > z) = 77,
and the expectation is over dj ., in Ly (frZ), we derive a closed form expression

for the D2D coverage probability (3.12) in an interference-limited regime (where
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noise variance o = 0, and SINR;, reduces to SIR;) as

PCOV7D(/8]€) — Edg kp;1 |:6Xp (_ek ( gJCp]:l)Q/a) X Edk_pm |:€_/Bk(dg,kplzl)‘hk,C7n|2dI:,{g7npOi|:|

1
1+ ﬁkg—Zd%kd,;?m]] ‘
(3.13)

a —1\2/a

We next simplify (3.13) by deriving expressions for the various expectations

involved.

Corollary 1. Using Lemma 1 and considering the proposed channel allocation
scheme for the case of 2 CUEs, then the first moment of the distance between two

uniformly distributed points can be approzimated as E[dy.., | ~ 512Rc/(4572).
Proof. See Appendix A.3. O

1
14(k)*/ “E[dy, e, |

We next employ the following approximation Eq, _ [ L ] ~

I+kd -

as in [1]. Using this approximation together with the result from corollary 1,

equation (3.13) reduces to

- exp <_9k (d%kp;l)Q/a)
Pcov,D(Bk) ~ Eda -1

k,kPk 2/«
1+<ﬁk—’j;)—a> (512Rc/(4572)) 2
Pk k., k

(3.14)

3.3.3 Discussion
The coverage probability depends on the following D2D-related network parameters:
density of the D2D links (\), thinning probability ¢, target SINR (), the moments
of the power transmitted from the D2D transmitters, and the power transmitted
by the cellular user. This modeling approach allows us to analyze the coverage

probability and ergodic rate for a D2D underlaid cellular network with high
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accuracy. It also enables network designers/operators to optimize network perform-
ance by efficiently determining the optimal network parameters mentioned above.
The system can control the impact of D2D links on the cellular link through 1)
the proposed channel allocation scheme, which constrains the density of the D2D
links that uses the same resources with a particular cellular user, and 2) through
the proposed power control schemes, which control the transmit power of the

D2D users.
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Chapter 4

Proposed D2D Distributed Power
Control Schemes

In this chapter, we propose distributed power control schemes that only
require the CSI of the direct link in order to minimize the interference caused by
the D2D users. For link establishment, two static distributed PC are proposed,
and both rely on the distance-dependent path-loss parameters [45,46|. On the
other hand, for link maintenance, a more adaptive distributed PC is proposed
that compensates the measured SINR at the receiver with a variable target SINR.
Simulation results are presented to demonstrate the effectiveness of the proposed

schemes related to D2D communication.

4.1 Proposed Distance-based Path-loss Power Control
(DPPC)

In this PC scheme, each D2D transmitter selects its transmit power based
on the channel conditions, namely the distance-based path-loss d, %, so as to

maximize its own D2D link rate. In order to realize our proposed scheme, we
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define D2D proximity as the area of a disk centered at the transmitting UE, with
1/a

radius Rp = <%> , where P p is the maximum transmit power of the

D2D UE, and o, is the minimum power for the D2D RX to recover a signal

(sometimes referred to as receiver sensitivity).

The kth D2D TX can only use transmit power p, with transmit probability
Pix, if the channel quality of the kth D2D link is favorable, in the sense that it

exceeds a known non-negative threshold I';,:
Ptx £ P[|hk,k|2 d];% Z 1—‘min] ~ exp <_Fmin E[ zé,k})‘ (41)

Furthermore, an estimation error margin ¢ is introduced to compensate for the
error in estimating the distance between the D2D pairs. Hence, the proposed

power allocation, based on the channel inversion for the D2D link, is given by

Oy 1 (1 + ) with Py,

Ok (4.2)

0 with 1 — Ptx,
where dj, , is the distance between the kth D2D pair, « is the path-loss exponent,

and ¢ is the estimation error margin of dj ;, such that 0 <e < 1.

Each D2D transmitter decides its transmit power based on its own channel
gain and a known non-negative threshold I'y,;,. For a given distribution of
the channel gain, selecting a proper threshold I'.;, plays an important role in
determining the sum rate performance of the D2D links. For instance, if a large
[Chin is chosen (implying a small P ), the inter-D2D interference is reduced.
However, a larger I'y;, (implying a smaller Py, ) means a smaller number of active
D2D links within the cell. Thus, 'y, needs to be carefully chosen to balance

these two conflicting factors, while providing a high D2D sum rate. We optimize
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the choice I',;, so as to maximize the D2D sum rate as discussed in Section 4.1.3.

Moreover, the D2D transmitter checks if the link quality degrades ( i.e.,
]hhk\Qd;z < I'min), then the D2D communication is dropped. Also, the D2D
receiver checks if the estimated distance-based path-loss increases, and reports
it to the D2D transmitter, conditioned on the fact that the D2D communication
link remains active if this distance remains within Rp.

Note here that channel inversion only compensates for the large-scale path-
loss effects and not for small-scale fading effects. For instance, instantaneous CSI
is not required at the transmitter, since the loss due to distance is compensated.
Moreover, the proposed scheme captures the randomness of the distance between
the D2D pairs, and if the D2D pairs are close to each other, they will allocate
less power than the case if they are further apart. However in [1], a fixed distance
between the pairs is assumed and maximum power P, p is always allocated for
D2D transmission, which needlessly increases power consumption and generates
more interference.

Considering the proposed DPPC scheme along with the random locations
of D2D users, the transmit powers and the SINRs experienced by the receivers
become random as well. Therefore in what follows, we first characterize the
transmit power py via its «/2th moment, and then characterize the cellular and
D2D coverage probabilities accordingly. Finally, we derive an expression for the

D2D sum rate and maximize in order to optimize the DPPC threshold I'j;,.

4.1.1 Analysis of Power Moments

According to the system model, the D2D receivers are considered to be uniformly

distributed in a circle centered at the corresponding D2D transmitter with radius
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Rp; therefore, the cdf of the distance djj of the D2D link is similar to that of
do.c,, in (3.10), where d = dj, and R = Rp. Using (3.10), the moments of the
transmit power py for the DPPC scheme, where p, = oundi (1 + €), can be

expressed as
Rp
B (o] =g [ rgp(eepliar=glo B e (03)
0

Cellular Coverage Probability for DPPC: By substituting (4.3) for Eq, , [pi/a]
into the derived expression (3.11), the cellular coverage probability for DPPC can

be obtained.

D2D Coverage Probability for DPPC: For py, = opdi (1 + €), and using the

moments of py in (4.3), the D2D coverage probability in (3.13) becomes

1
1+ 5’f 1+a) dye,,

2/a

75Cov D(Bk) = 6_9k(gm(1+£))7 x E

dk:,cm

] L (4.4)

Following the same approach as in (3.14), the approximated expression for Peoy.p ()

is given by

o~ Ok (erx(142)) 72/

75cov,D(ﬁk) ~ (45)

14 <B f’—O)Q/a (512Re/ (4572)) >
k@rx(1+€) C

4.1.2 Sum Rate of D2D Links

We analyze the sum rate of D2D links when the proposed DPPC scheme
is employed, and compute the optimal threshold 'y, of the proposed PC that

maximizes the sum rate of D2D links.

Let |Ap| denote the number of active links selected by the proposed PC and
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CA algorithms, i.e., [Ap| = P[Q = 1|xP[|hyx|*d) % > Tmin] \TRE = AmR%, where

>

= P[Qr = 1] X P[|hr?di i > Trmin] A = qPixA. As in [1], we assume Gaussian
signal transmissions on all links, and hence, the distribution of the interference

terms becomes Gaussian.
From the SIR distribution of the D2D link given in (4.5) with o2 = 0, the
ergodic rate of the typical D2D link is generally expressed as

1

_ 0o ) oo _
RDQD = / 10g2 (1 + .1‘) - []P;[SIR]C 2 CCH dr ~ / 71 PCOV’D(.%‘) dx
0 0

Ox +x
mAz?/ 2/c o = 2/a
/OC €xp <_sin)é(2/(x)IE |:pk :| (dk,kpk 1) >

~ 2/
Lo -2
(1+z) x <1 + <xdk§ff’k> E [dk.e,,] )

Note that the above general expression of the ergodic rate is valid for any distributed

dz. (4.6)

power control scheme that allocates its own transmit power independently of the
transmit, power used at other D2D transmitters.
Using (3.7) and (4.6), the new achievable sum rate of D2D links is given as

K/

Z log, (14 SIRy)
k=1

R = E

s

= ‘AD| X RDQD = ;\WR% X RDQD. (47)

4.1.3 D2D Power Control Threshold for DPPC

From the ergodic sum rate of D2D links, we optimize the D2D PC threshold
[min by maximizing the derived transmission capacity of D2D links, which is

given as

APixmRZ 1 1+ ﬂj\ﬂ%/a 2/ -2/«
RP) (@) —— DR onp (- 2 (127 (ol + €))7
1+ (ﬁk (er(l + E))) ( 4571.2 >

. Y p2/c
o AR logy (1461) ( TABy R%,)
)

14k, sine(2/a) 2

(4.8)
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2/« _ ~
where Kk = (M’#m) (iﬁg) > and \ = gA\Pix. By solving the following

optimization problem, we can compute the new optimal transmission probability:

maximize RL)(6)

subject to 0> P, >1

The optimal solution of P, can be obtained by the 15¢ order optimality solution,

since the objective function has one optimum point. The first order derivative

yields:
R2
aRP (B _ oy _ T,
dPix s=1- sinck(2/o§ Pix = 0. (49)

The second derivative of R{" (Bk) is applied to test the concavity at Py, which

is given as
2

(D) ma By =2
) = o <0 fra>2 10

Thus, RgD)(/Bk) is maximum at P, = 25;;2—%;2. However, to satisfy the conditions
TgAP, D

of P € {0,1}, we have P}, = min{m*%/a),l}. Using (4.2) where Py, =
x A3, * RE

min

exp (—'min E[d;]), then the optimal threshold T'y;, can be obtained as

2
*— _n( *)%RBQ (4.11)

min tx

Knowing the solution P}, the approximated transmission capacity in (4.8)

tx?

can be rewritten as

Aﬂ'R% logg(l + Bk)eX _ﬂ-q)\ﬁlz/a'R%) for 6k < gk
RO(@)~ ] LB ine(z/e) _ (412
s 2sinc(2/a) R logy (1 + Br) for B, > )
k ks

2/ RR (1 + kB2 exp (1)
~ . a/2
where = | 220/ |7

The transmission capacity of the D2D links depends on the relationship
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between the minimum SINR value S, and the network parameters: path-loss
exponent «, the density of the D2D links g, and the maximum allowable distance
between the D2D pairs Rp. When §; < Bk, all D2D transmitters are scheduled;
therefore no admission control is applied. However, when 3, > (3, the D2D
links are scheduled with transmit probability P}, which mitigates the inter-D2D
interference since the transmission capacity no longer depends on the density of

the nodes .

By integrating the transmission capacity in (4.12) with respect to [, the sum

rate of D2D links is expressed as follows

Br 2 2/a p2
RE) ~ / gAT RE exp TR
o (1+z)(1 + ka?/) 2sinc(2/a)

> 251nc(2/a)]i%
“1)dz.
" /ﬁ @ RR) (1 + a)(1 + ra2/a) P (1

(4.13)

The DPPC scheme is summarized in the first part of the pseudo-code in Algorithm 1.

Algorithm 1 Static Distributed Power Control
1: if D2D TX k is unable to acquire dpj; then

2: > Apply DPPC scheme

3: Calculate T that maximizes the D2D sum rate R.” (8) according to (4.11)
4: if |hk,k\2d2% > I'min and dk,k < Rp then
5: D2D candidates transmit in D2D mode
6: Pr grxdgvk(l +e).

7 else pi <0

8: else

9: > Apply EDPPC scheme

10: Set I'min = Gmin

11: if |hk,k‘2d/;(;§ > I'min and kog < Rp then
12: D2D candidates transmit in D2D mode
13: U+ ox(1+¢), V< pox(1+¢)

14: pr < min{Udy ., Vg, } .

15: else pp <0
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4.2 Proposed Extended Distance-based Path-loss
Power Control (EDPPC)

EDPPC is proposed as an extended DPPC scheme for link establishment
stage. We consider in this scheme an extra distance-based path-loss parameter
dy ., where dyy is the distance between the eNB and the D2D kth TX, in order
to reduce the D2D interference at the eNB. This scheme works only if the D2D

users are able to obtain estimates of dj ; from the eNDB.

We apply the same conditions as in DPPC in (4.1), where the kth D2D TX
can only use the transmit power p, with transmit probability P;, for favorable
channel conditions. However, in this PC scheme, I';, = G is a static value

that is chosen by the eNB and broadcasted to the D2D transmitters.

The EDPPC scheme works as follows: each D2D TX selects its transmit power
based on the distance-based path-loss parameters d,;z‘ and dj . The role of the
additional parameter dj is to suppress interference even more at the eNB. Let
U=o0x(14¢)and V = ppo(1+¢), where p is a PC parameter with small value
chosen so that the D2D transmitter does not cause excessive interference to the
eNB and to other D2D UEs in the same cell, and ¢ is an estimation error margin
that offsets any inaccuracy in estimating the path-loss parameters dj , and dg.

Then, the proposed power allocation for the D2D link is based on the following:

min{Udyg, Vdy,}  with Py (4.14)

Pk
0 with 1 — Ptx;

Due to the nature of the EDPPC scheme, along with the random locations
of D2D users, the transmit powers and the SINRs experienced by the receivers

become also random. Therefore, we derive «v/2th moments of the transmit power
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pr so that the cellular and D2D coverage probabilities can be characterized

accordingly.

4.2.1 Analysis of Power Moments

The D2D TX and the corresponding D2D RX are assumed to be uniformly
distributed; therefore, the distance dyj of the D2D interfering link with the eNB
and the distance djj of the direct D2D link are uniformly distributed in circles

with radii R¢c and Rp, respectively.

Theorem 1. The expected value of the minimum of two random variables A, B €
2 — R is Emin(A, B)] = E[A] + E[B] — E[max(A, B)].

Proof. See Appendix A.4. n

Lemma 2. The expected value of the mazimum of two random variables A, B €

Q — R with pdfs fa(a), f(b) and cdfs Fa(a), Fp(b), respectively, is

o0

E[max(A, B)] = /OO afa(a)Fp(a)da +/ bfp(b)F4(b)db. (4.15)

Proof. See Appendix A.5. m

Corollary 2. Using the distribution functions of dyy and doy, the moments of

the transmit power py are given by

RiV?/e  RLvA/«

if RRU?/* > RgV?/*

2/a 2 - 2 172/
Edk’k |:pk/ i| - R2y2/a 6;]3[741/(,! . 2 779 P (416)
b ~srves W BRU /o < REVe,
Proof. See Appendix A.6. -

Under this power control scheme, it is noted that: 1) D2D UEs closer to the

serving eNB (where dy; < dj ) normally cause a stronger uplink interference and
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thus their transmit powers are reduced, 2) D2D UEs closer to the cell edge can
transmit at a higher power since their interference to the uplink cellular UE is
dropped due to path-loss, and 3) D2D pairs with close proximity will be allocated

less power than D2D pairs that are far apart.
The EDPPC scheme is summarized in the second part of Algorithm 1.

Cellular Coverage Probability for EDPPC' By substituting Eg, , [pi/a} obtained
in (4.16) into the derived expressions (3.11), the cellular coverage probability for
EDPPC can be obtained.

D2D Coverage Probability for EDPPC: Using the same methodolgy as in
Theorem 1, for p,, = min{Udy;, Vdg,}, and using the moments of py in (4.16)

and the pdf of dy and dy, the D2D coverage probability in (3.14) becomes

l/aR
_ p*/*Re x
= —0 (orx (142)) "2/ 9 9, —2/a
Pcov,D(ﬁk) ~ ZO 2/ 2/ (/ R_%dy MR% “dr +
__po 21—
1+ (,Bk er(1+€)> (512Rc/(45ﬂ' )) 0 0

R exp | =0k (x~“y*(orx e
/ D / 1ol ) 2l gy | 2dy.
C
0 0 1+(

I o
Bka}“y*"‘(grx(l-&—E)) ( c/(45m2))

(4.17)

To validate our analysis for DPPC and EDPPC, we compare the derived
analytical expressions with their corresponding simulated results for A € {2 x
107%,5x 1075}, A = 0.5X, M =2, = 0.0005, ¢ = 0.5, and a = 4. In Fig. 4.1(a)
and Fig. 4.1(b), we validate the correctness of the analytical expressions for the
cellular coverage probability of (3.11) and D2D coverage probability of (4.5)
and (4.17), while using the derived expressions of E[pi/a] for DPPC and EDPPC
in (4.3) and (4.16), respectively. As shown in the plots, the curves of the proposed
DPPC and EDPPC schemes match well with simulated results over the entire

range of 3.
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Figure 4.1: Analytical vs. simulated coverage probability for cellular and D2D
users using (a) DPPC, and (b) EDPPC scheme.
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4.3 Proposed Soft Dropping Distance-based Power
Control (SDDPC)

The PC schemes proposed earlier provide a static power allocation where
varying channel quality during D2D transmissions is not taken into consideration.
An adaptive PC with variable target SINR would be an attractive approach to
guard cellular and D2D communications against mutual interference and maintain
good link quality. We propose a soft dropping distance-based PC (SDDPC)
scheme that gradually decreases the target SINR as the required transmit power
increases. This increases the probability of finding a feasible solution for the PC
problem in which the target SINR values for all co-channel links can be achieved.
Hence, links with bad quality, where the receiver is far from the transmitter and
requires higher power, would target lower SINR values. On the other hand, links
with better quality, where the receiver is near the transmitter and requires lower

power, would target higher SINR values.

In the SDDPC scheme, each UE iteratively varies its transmit power so that
a power vector p for all UEs in the system is found such that the SINR, of the
kth UE satisfies
SINR, (K", p) > Br(dix),

where [y (dy) is the target SINR of the kth UE that varies according to the
distance between the D2D pairs dj ;. The SDDPC scheme uses a target SINR
that varies between a maximum value S, and a minimum S, as the distance
between the D2D pairs varies between R, p and a maximum value Rp, while

satisfying a power constraint of Ppinp < pr < Phax.D-
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The target SINR [ (dy. i) of the kth D2D UE at TTI (¢) is given according to

ﬁmax if d](:,)k < Rmin,D
i\ ,
Brldin) = 4 Bmax | 5= if Ruyin,p < dy), < Rp (4.18)
min,D
Brnin ifd}}, > Rp,

log10(Bmin/Pmax)

her = .
WRETE U = 158, 0(Bp/ Bmin,0)

Furthermore, the power of each D2D transmitter is updated with every transmission

d(t) n
pgﬂ) _ p’(ct) ( 516( kk) )) 7 (4'19)

as

SINR (K, p®

where 7 is a control parameter given by (1 — v)~! [53]. Finally, the achieved

power p,ﬁtﬂ) is constrained as follows

pgfﬂ) = min{ Pyax.p; max{p,(fﬂ), Puinn}}-
The SDDPC scheme is a distributed approach and the target SINR (Bi(dkx))
depends on the distance between the D2D pair; therefore, decision making is
done by the D2D users themselves. In particular, the D2D receivers can use the
sidelink control channel (e.g., Physical Sidelink Control Channel (PSCCH)) as
per the LTE technical specification in 3GPP TS 36.331 [119] to report back to the
corresponding D2D transmitter the received SINR value and the distance based

path-loss dj  whenever the received SINR is below the target value.

The SDDPC scheme is summarized in Algorithm 2.
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Algorithm 2 Dynamic Distributed Power Control
procedure SDDPC
Pz(ft) < Painp = 0By p(1+€)
Calculate S (dy ) according to (4.18)
if SINRk(K, p) < ﬁk(dk,k) then
LOOP: While SINR (K, p) < Bi(dis) and p” # Pyayp do

t n
D 0 @c(dl(q}f)
F # \ SINRy (K, p®)

pl(ct+1) < min{PmaX,D> maX{ngrl); Pmin,D}}
goto LOOP

else p,(fﬂ) — ,0,(;)

end

4.4 Discussion

On complexity and convergence of Algorithms 1 and 2, we note that Algorithm 1
is a non-iterative, low complexity algorithm O(1), which requires around 4 simple
computations. Convergence is not an issue since it is non-iterative. For Algorithm 2,
the power allocated to the D2D users is chosen iteratively and in a non-decreasing
manner. At each iteration, py is increasing which increases SINR, until SINRy,
approaches the target [;. Since the D2D TX has finite available power, the
SINR, achieved by the proposed algorithm is also finite. For these reasons and
following the same methodology as [53,120], the proposed algorithm is guaranteed
to converge to a finite SINR,. The proof is similar to Theorem 3 in [53,120]
and hence is omitted for brevity. Furthermore, figure 4.2 shows the number of
iterations needed in this algorithm that are very low. For instance, as M increases,
the number of D2D links K’, sharing the resources with one of the cellular
users, decreases; therefore the interference level caused by the D2D users will
decrease and hence increasing the SINR,. This will cause Algorithm 2 (SDDPC)
to converge faster (for M = 3, it requires an average of 3 iterations to converge).

Moreover, Algorithms 1 and 2 may not necessarily converge to the global
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Figure 4.2: Number of iterations for the SDDPC scheme for A = 5 x 107> and
different M channel allocations.

optimal solutions. The development of global optimal power allocation is otherwise
done in a centralized manner at the base station. However, it would require
excessive signaling overhead in which the computational complexity grows exponentially
with K [1,2]|. This excessive overhead is avoided in the distributed case, with

graceful degradation in performance.

Furthermore, we note that using the two proposed static distributed PC
schemes for link establishment, the allocated power remains constant over the
resource blocks since we apply equal power allocation to all the assigned resource
blocks. On the other hand, for link maintenance, SDDPC compensates the
measured SINR at the receiver with a variable target SINR. The power allocated

per PRB of each D2D UE is updated every transmission as per (4.19).
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In order to realize the proposed PC schemes, each D2D transmitter needs to
have knowledge of: 1) the distance based path-loss parameters dj, and df, in
order to allocate power, 2) the target SINR 3, 3) the density of the D2D links g,
and (4) CSI of the direct link. Knowledge of distance based path-loss di;, and j3
can be acquired through feedback from the corresponding D2D receiver. During
D2D link establishment [10], the density of the D2D links (which is the average
number of active D2D links per unit area) as well as dg, can be estimated at the
eNB. The D2D transmitters acquire the density ¢\ when the eNB broadcasts it
using the downlink control channel, and acquire dg, through feedback from the
eNB.

All D2D pairs can use the sidelink channels (Physical Sidelink Broadcast
Channel (PSBCH) and PSCCH) [119] to transmit reference signals to enable
D2D receivers to perform measurements and report them back to the eNB or to
the corresponding D2D transmitter. Each D2D receiver can reliably estimate the
distance based path-loss parameters using these signals by averaging the effects
of fading over multiple resource blocks.

The eNB can also estimate distances through the location updates defined
in 3GPP TS 23.303 [121], and the path-loss exponent can be estimated as per
[122] through defining path-loss exponents based on the region of the D2D pairs
location. The UE’s location information exchanged is expressed in shapes as

defined in 3GPP TS 23.032 [123] as universal geographical area description (GAD).

4.5 Simulation Results

In this section, we provide numerical results for the D2D underlaid cellular
network. First, we show how the estimation error margin (¢) and the PC control

parameter () for DPPC and EDPPC affect the coverage probability for the
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Table 4.1: Simulation Parameters

Parameter Value

Cell radius (Rc) 500 m

Max. D2D link range (Rp) 50 m

Min. D2D link range (Rminp) 5m

D2D link density ()\) 2x107° and 5 x 107°
Average # D2D links (K) E[K]| = TARE € {15,39}
Path-loss exponent () 4

Target SINR threshold () varies from —18dB to 18dB
Max. TX power of cellular user [2] Phax,c = 100mW
Max. TX power of D2D user [1] Praxp = 0.1mW
Min. TX power of D2D user Ppinp = 0.2 uW
Estimation margin ¢ 0.5

Channel quality threshold for EDPPC G, —40 dbm

PC parameter p for EDPPC 0.0005

Receiver sensitivity o0, Orx = PmaxpRp™
Noise variance (o?) —112.4dBm
Monte-Carlo Simulations 1000

TTI 1 ms

cellular and the D2D links. Then, we show the performance gains of using the
proposed CA and PC schemes (compared to the on/off PC in [1]) in terms of

coverage probability, spectral and energy efficiency.

4.5.1 Simulation Setup

Figure 4.5.1 shows a snap shot depicting the geometry of a typical cell. The
eNB is located at the center position (0,0) and the uplink users are uniformly
located within a radius Rc. The D2D transmitters are located according to a
PPP distribution with A € {2 x 107°,5 x 107°} in a ball centered at the eNB and
radius R¢ + 250m. The system parameters used throughout the experimental
simulations are summarized in Table 4.1. Moreover, the transmit power of the

cellular user is set as py = Ppax,c-
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4.5.2 Coverage Probability for DPPC and EDPPC with
Variable Parameters

In a dense D2D link deployment scenario, the average number of D2D links
in the cell is E[K] = 39 and the average number of D2D links sharing resources
with one of the two cellular users is E[K’] = 20. For the case of variable ¢ for
both DPPC and EDPPC, we plot the cellular and D2D coverage probability in
Figs. 4.4(a) and 4.4(b). As shown in the figures, as the error margin varies from
0.1 to 0.9 (x = 0.0005), the cellular coverage probability decreases while the D2D
coverage probability increases. D2D users allocate more power to enhance the
D2D link, thus causing more interference to the cellular users. In addition, it is
noted in Fig. 4.4(a) for DPPC that no D2D link is dropped when 5 < 10dB,
since the transmit probability Pi, = min {%, 1} = 1. However, when
B > 10dB, the transmit probability is activated where P, # 1, and some D2D
links are dropped thus reducing the D2D interference and enhancing the link

coverage for D2D and cellular transmitters.

In Fig. 4.4(c), we vary the control parameter y for ¢ = 0.5 using the EDPPC
scheme. As p decreases from 0.005 down to 0.0001, the cellular coverage probability
increases and D2D coverage probability decreases. Hence D2D links are dropped
according to p so that they do not cause excessive interference to cellular users.
Furthermore, the remaining D2D users will allocate less power, thus the interfer-
ence at the cellular users and at the other D2D users will be even more diminished.
Therefore, the proposed scheme can effectively protect cellular users from interfer-

ence caused by the D2D users.

52



4.5.3 Cellular Coverage Probability for all PC schemes

In Figs. 4.5(a) and 4.5(b), we plot the coverage probability of the cellular
links using our proposed schemes for two scenarios where the D2D links share
the resources with one and two cellular users in dense and sparse networks. We
also compare the results with that of 1) the on/off PC scheme in [1], which are
the same results as in [2| for the best case scenario with zero channel uncertainty,
and 2) the on/off PC scheme in [2] with channel uncertainty factor of 0.5. It
can be seen that all the proposed schemes outperform the scheme in [1,2]. In
particular for the case of 2 CUEs, SDDPC increases the coverage probability
by more than 40% (45%) in dense (sparse) networks compared to [1,2] for the
entire range of 5y. The EDPPC scheme performs better than DPPC due to the
extra dg » parameter that further reduces the interference at the eNB. However,
SDDPC outperforms the other PC schemes as it protects the cellular links using
the adaptive approach.

As expected, the cellular coverage probability increases when D2D users share
resources with multiple cellular users. The reason is that a smaller number of
D2D links share the same resources with a particular CUE, which results in a
reduction in the interference caused by the D2D transmissions.

In addition, one can note that the centralized power control |2]| achieves nearly
perfect cellular user coverage probability performance in the low target SINR

values, at high cost of system complexity as discussed in Section. 4.4.

4.5.4 D2D Coverage Probability for all PC schemes

Figures 4.6(a) and 4.6(b) show the coverage probability of D2D links using the
proposed PC schemes in dense and sparse network deployments. As shown, all

proposed schemes outperform the schemes in [1,2]. On one hand, the coverage

23



probability for SDDPC increases by up to 60% (50%) for the dense (sparse)
scenario. On the other hand, DPPC and EDPPC have approximately similar
performance where the coverage probability increases by 40% (30%). However,
SDDPC outperforms the other PC schemes, since the D2D links set variable
target SINRs. For instance, links with good quality have high SINR target, while

links with low quality have low SINR target.

Moreover, when D2D users share resources with more than one cellular user,
the D2D coverage probability using our proposed PC schemes is significantly
enhanced as the interference caused by the D2D transmission on other D2D users

is reduced.

In general, the D2D coverage probability performance decreases in the dense
scenario; however, the total number of successful D2D transmissions is larger
than that of the sparse D2D link deployment scenario. For instance, when the
target SINR is 0dB, the total number of successful D2D transmissions in both
sparse and dense scenarios is |Ap|sparse = E [K,]BCO“D(B]C)} =15%x 0.9 ~ 13 and
|AD |dense = 39 x 0.88 & 34, respectively, using the proposed SDDPC scheme and
resources are shared with 2 CUEs. The corresponding numbers of successful D2D
transmissions from [1] are |Ap|sparse = 15x0.58 ~ 8 and |Ap|dense = 39% 0.4 ~ 15,
respectively. Therefore, a significant increase in the number of the D2D links is

attained using the proposed SDDPC scheme.

In addition, one can note that the centralized power control [2] (with high
signaling overhead and complexity) does not perfrom as well for the D2D case,
since this approach works on maximizing the SINR of the uplink user and allows
less D2D links to access the network through the admission control. However,

with less complexity, our proposed schemes outperform the centralized approach.
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4.5.5 Coverage Probability with Variable Channel Allocation
parameter (M)

Figures 4.7(a) and 4.7(b) show the coverage probability of cellular and D2D
links using the proposed PC schemes in dense network while varying the channel
allocation parameter M. Upon increasing M, the coverage probability for the
D2D and cellular users is enhancing, since a smaller number of D2D users (which
share the same resources) will generate interference. Moreover, we have considered
the maximum allocation case where M = K in which one cellular uplink will
share the resources with only one D2D link and E[K'] = % = 1. In this
case, the uplink signal will observe interfernce from only the farthest D2D user,
and the D2D link will observe the interference from only the farthest cellular
uplink user. Thus, the coverage probability for the D2D and the cellular link
is greatly enhanced. Furthermore, we compare our results with the case of no
power control applied at the D2D links where p, = Puaxp and, as expected,
the coverage probabilities are drastically affected (decreased by more than 20%);
since the D2D-interference is overwhelming the receivers (Base station and the

D2D receivers). Therefore, our proposed channel allocation and power control

schemes are effective interference mitigation methods in order to guarantee the

QoS of the cellular uplinks and D2D links.

4.5.6 Spectral and Power Efficiency

Figure 4.8 shows the spectral and power efficiency of the D2D and cellular
system when applying the proposed PC schemes in a dense deployment scenario,
where resources are shared with one, two, and three cellular users. The spectral
and power efficiency are defined as follows: 1) Spectral efficiency (SE) is the
sum rate RS”) for all D2D links in bps/Hz/cell as defined in (3.7), and 2) Power
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efficiency (PE) is given by the ratio of the D2D spectral efficiency achieved over
the average transmit power of the D2D links in bps/Hz/cell/W. The figure
shows that SDDPC is spectrally and power efficient since more D2D links are
able to achieve higher SINR values and less power is allocated for the D2D links.
For the case of static PC schemes, DPPC is more spectrally efficient because it
maximizes the D2D sum rate. On the other hand EDPPC is more power efficient
than DPPC, since less power is allocated. In addition, as expected, when sharing
resources with more cellular users, the spectral efficiency of the system decreases
(by 15% as shown); however, the coverage probabilities (for cellular and D2D)

increase because the interference level is reduced, as shown in Fig. 4.5 and Fig. 4.7.

In addition, when considering M =2 the performance is efficient in the sense
that it gives a compromise between coverage, spectral efficiency, and complexity.
The eNB performs only one comparison for each active D2D (dy., > dic,)-
However, when M is further increased, the spectral efficiency for the EDDPC

becomes lower than that in [1| and the complexity increases.

A trade-off exists between spectral efficiency, power efficiency, and coverage
prob-ability. If it is desired for the cellular and D2D link to be of high quality,
then CA should be applied with D2D users sharing resources with more than
one cellular user. However, if it is required that the D2D communications to be
power efficient and not cause too much interference on the uplink, then EDPPC
has an advantage over the DPPC. Otherwise, if spectral efficiency is a priority,
then DPPC performs best, particularly when D2D users share resources with one
cellular user. Finally, SDDPC proves most adequate for link maintenance since it
is both spectrally and power efficient, and it maintains the link quality for both

D2D and cellular users.
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4.6 Conclusion

In this work, a random network model for a D2D underlaid cellular system
based on stochastic geometry has been proposed. Using this modeling approach,
it is possible to derive closed-form analytical expressions for the coverage probabilities
and ergodic sum-rates, which give insight into how the various network parameters
interact and affect link performance and quality. Unlike previous work, it is shown
that a channel allocation scheme that allows D2D links to share resources with
more than just one cellular user has merit. New power control schemes targeted
for D2D link establishment and link maintenance have been shown to adequately
control interference levels under various static and dynamic conditions, using
distance-based path-loss parameters (with error margin), varying target SINR,
and local CSI. Tt has been shown through experimental simulations that network
performance in terms of coverage probability and spectral efficiency is improved
by activating more underlaid D2D links while maintaining the quality of cellular

links, and at the same time enhancing power efficiency.
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Chapter 5

Clustering and Power Control for
NOMA-MIMO systems

In this Chapter, we study the downlink of large MIMO-NOMA systems when
the transmitters and receivers are assumed to have a large number of antennas.
Furthermore, we propose a joint clustering and power control mechanism in which
randomly distributed users in a cell are clustered and allocated different power
depending on their distance from a BS while users in each cluster get served on
the same time and frequency resources. While beamforming and SIC ordering
are typically coupled, due to the fact that effective channel gains depend on
beamforming designs, in this work, we assume uniform precoding and focus on
detection. A family of QRD-based and WRD-based detectors, tailored for large
MIMO-NOMA are considerd. These detectors are extensions to reference sub-
space detectors, that were previously proposed [47] in the context of regular large
MIMO systems. Simulations demonstrate that the proposed schemes are near-

optimal and enable significant complexity reductions.
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5.1 System Model

We consider a single-cell multiuser MIMO-NOMA setting, as shown in Fig.
5.1. The coverage region is modeled as a circular disk C' with radius R¢, centered
at the BS. We assume that the cellular users are divided into two groups. Users
in the first group are uniformly distributed in the cell-center disk C}, of radius
Ry, centered at the BS, while users in the second group are uniformly distributed
in the cell-edge disk C5, from Ry to Rc.

We assume the number of users in each group to be distributed by the
homogeneous Poisson point process (PPP) ®; with density A; in C}, and ®,
with density Ay in Cy, where P[®; = ¢] = exp (—\;) ’;—(,Z The PPP assumption
corresponds to having the expected number of nodes per unit area equal to \;,
while the nodes are uniformly distributed over the area of interest. Moreover, the
same number of users is assumed in both disks, C'; and C5, which is a Poisson
random variable K, with mean E[K] = \\7mR% = M\mR% — M\omR%. Hence, the
total number of users in C'is 2 x E[K].

A BS with N transmit antennas simultaneously services two users; user 1 with
M, antennas in the inner disk (C}), and user 2 with M, antennas in the outer
disk (Cy), in the same frequency and time slot, via power-domain division (SC).

The equivalent baseband input-output system relations are

Y1 = H1X1 —|— H1X2 + n; (51)
y2 = Hox; + Hoxy + ny, (5.2)
where y; € CM1*1 and y, € CM2X1 are the received vectors at user 1 and user 2,

x1 €CV*! and x5 € CV*! are the transmitted symbol vectors such that E[x; x| =

piIy and E[xgxﬂ = poln (the total power is constrained by the maximum

65



NOMA pair

cell-center
C, / 4 Cellular UE located in the outer disk

+ A Cellular UE located in the inner disk

+
+
A +
R¢ A
+ A antennas BS * '
A A N antennas A A +
A
+ + &
+
cell-edge

C

Figure 5.1: Multi-user MIMO NOMA system model

transmit power p; + py < %)7 and n; € CM*! and ny € CM2*! are the CN(0, 0?)
and the CN(0,03) noise vectors (E[mn}] = 071,y,), respectively. H; € CM*N
and H, € CM2*N are the corresponding channel matrices, which are modeled as
a combination of large-scale and small scale fading. In particular, the channel

matrix from the BS to kth user is

Gy,

Vs,

where Gy denotes an My x N matrix whose elements represent Rayleigh fading

H, =

(5.3)

channel gains, and d% denotes the distance-dependent path-loss, with d.; being
the distance from the BS to the kth user in the cth disk, and « is the path-
loss exponent. Hence, the elements of H; and H, are distributed as CA(0, ofy,)
and CN(0, oy, ), respectively, with oy, and o, denoting the distance-dependent

large scale fading coefficients.
NOMA is achieved by clustering users from the inner disk C}, with users
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from the outer disk (5, and assigning different power levels to the multiplexed

transmitted symbol vectors.

5.2 Proposed Joint Clustering and Power Control

In this section, we first propose a joint clustering and power control mechanism.

In a multi-user MIMO-NOMA setting, SC results in intra-cluster interference
(ICI). Maintaining efficient user clustering, however, facilitates ICI cancellation
via SIC. The SIC process distinguishes same-cluster users by the difference in
their power, and users are allocated power levels based on their corresponding
channel vector norms. Hence, an efficient clustering approach is to select two
users with significantly different channel vector norms, i.e., to couple a far user
from the BS, with a near user, in a single cluster. Motivated by this realization,
we propose a joint distance-based path-loss clustering and power control scheme
(JDCP).

With multi-user NOMA, SIC decoding is only required at the receiver of
the strong user. In the clustering phase, user 1 with better channel conditions is
considered as the strong user, and user 2 as the weak user, i.e., we have 012{1 > (712_127
which indicates that user 1 is a central user and user 2 is at cell-edge. Hence,
the SNR at user 1 is higher than that at user 2. Consequently, user 2 will be
allocated more power. In this case, user 2 will decode its own symbol x5 directly,
by treating the interference caused by x; as unknown interference, while user 1
will apply SIC to cancel out symbol x; and then decode its own symbol x;.

The clustering approach works as follows: First, the farthest user in disk C
is grouped with the farthest user in disk C;. Then, the second farthest user in

(1 is grouped with the second farthest user in Cs, and so on. Hence, SIC can be
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applied efficiently, since more power is allocated to the weak user.

Following clustering, we propose a low-complexity power control (PC) mechanism,
that exploits the CSI of the cellular link, to minimize the interference between
NOMA pairs. The NOMA pairs select their transmit power based on channel
conditions, namely, the distance-based path-loss d_*. The allocated power for
the kth close user (in C}), based on channel inversion, is given by

k
pg )= Orx ?k:? (54)
where dyy, is the distance between the BS and the kth user equipment (UE) in Cf,
« is the path-loss exponent, and p,, is the minimum required power for the UE

to recover a signal (also referred to as receiver sensitivity). The power allocated

to the kth far user in C5 is thus given by

0 = min{pgdsy, 22 — ), (55)
where 1 is a NOMA PC parameter, dy is the distance between the BS and the
kth UE in C5, and P,.x is the maximum transmit power.

Note here that channel inversion only compensates for the large-scale path-
loss effects, and not for small-scale fading effects. Consequently, it is not required
in our proposed PC scheme to establish instantaneous CSI at the transmitter.
Moreover, the BS can estimate distances through location updates, as defined in
the 3GPP TS 23.032 [123] universal geographical area description (GAD). Furth-
ermore, this scheme is particularly suitable for SIC decoding, since it guarantees
allocating much more power to far users and much less power for close users.
This guarantees alluding the worst-case scenario of allocating equal power for

both users, which must be avoided in NOMA. The JDCP scheme is summarized
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Algorithm 3 Joint Distance-based Path-loss Clustering and Power Control

1: procedure JDCP

2:

10:
11:
12:
13:
14:
15:
16:
17:

> BS has the distance vectors d¢, = [d11,d12, ..., d1, K]
and d¢, = [d21,d22, ..., d2 ] of the users in C) and Cy, respectively.
> Initialize index vectors: Iy = {1,2,..., K} for users in C}
and Iy = {1,2,..., K} for users in Cy
> Initialize k = 1, Ppay, and L = ()
LOOP: While I # () and I # ) do
Clustering:
Choose i1 = arg m]?x[dcl}k

Choose iy = arg mgx[dcz}k

Fix L+ LU [il,iz]
Power Allocation:

Py on{(doi)a }° )
Pg ) min{pon{[de, )iz 1 % - Pg )}
Save Il — Il \il
Save I2 — IQ \’iQ
k=k+1.
goto LOOP
end

in Algorithm 3.

5.2.1 Multi-User MIMO-NOMA Detection

interference caused by x; as unknown interference. This can be achieved by using
any of the detectors presented in [47]. The considered detectors build on three
QRD-based MIMO detectors, NC, CD, and LORD, as well as three WRD-based
MIMO detectors [47|, punctured NC (PNC), punctured CD (PCD), and the sub-
space detector (SSD). Hence, the resultant formulations per data stream are a
simple extension to those in [47]. This concludes the operations at user 2, where

no SIC is required. Hence, the detection routine at user 2 is in fact regular MIMO

Following JDCP, user 2 decodes its symbol vector x, directly, by treating the

detection.

Nevertheless, SIC-based detection applies for user 1. First, the symbol vector
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Figure 5.2: BER performance of proposed detectors in the multi-user scenario
(dotted lines refer to the reference optimal power allocation scheme).

x5 is detected, while treating x; as unknown interference (note that this stage
is required since we assume no communication between users, where each user
decodes its own information independently). Then, user 1 cancels the part of the
received signal that is caused by x5, and decodes x; from the remainder of the
received signal:

y2 = y2 — Hoxo = Hox; + no. (5.6)
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5.3 Preliminary Simulation Results and Discussions

Figure 5.2 then shows the BER plots for the multi-user setting of Sec. 5.1,
where two users are accommodated per cluster. The system parameters that
were used for multi-user MIMO-NOMA simulations are summarized in Table
5.1. Three different detectors were tested NC, LORD, and SSD (from [47]).
The detectors were applied directly at user 2, and successively to detect both
symbol vectors at user 1. Four different scenarios were simulated, all of which
assume an equal number of antennas at the BS, as well as at the two users
(N =M, =M,). The proposed JDCP scheme (solid curves) was compared with a
reference optimal power control scheme (dotted curves) [74], which formulates the
power allocation problem as an ergodic capacity maximization problem. Note,
however, that this PC scheme is of high complexity and of slow convergence,
since it employs a bisection search method. To the contrary, our joint clustering
and power control scheme is of low complexity, and it only relies on the distance-
based path-loss parameter for channel inversion. Unlike the optimal approach,
our proposed JDCP scheme guarantees allocating more power to the far user in

a cluster, which is suitable for SIC. Furthermore, our proposed scheme results in

Pmax
N

lower power consumption on average, as we have p;+py < , Whereas in the

optimal scheme, the transmission power is always Pax, where p;+ps = %.

Figures 5.2(a) to 5.2(d) show the results for systems with 4, 8, 16, and 32
antennas, respectively. Both, optimal power control and channel-inversion-based
power control achieved similar BER performances. Furthermore, at lower antenna
orders, the gap between LORD and SSD was found to be negligible. However,
for 16 and 32 antenna systems, SSD clearly outperformed LORD at a lower

complexity.
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Table 5.1: Simulation Parameters

Parameter Value

Cell radius (Rc¢) 500 m

Radius of cell-center disk C; (RN) 150 m

NOMA pairs density (A1, A2) 2.1x 107421 x107°
Average # NOMA pairs (K) E[K] = A\ R% € {15}
Path-loss exponent («) 4

Max. transmit power Poax = 100mW x N
NOMA PC parameter p 10

Receiver sensitivity ppx —100dBm
Monte-Carlo Simulations 1000

5.4 Conclusion

In this work, a large MIMO-NOMA system has been considered. A low comp-
lexity joint clustering and power control scheme has been proposed, that exploits
the distance-based path-loss parameter, to guarantee efficient SIC demodulation.
An architectural design has been presented, by using the detectors of lower comp-
lexity as building blocks in their more complex extensions, and the proposed

schemes have been shown to achieve significant computational savings.
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Chapter 6

Low-Resolution Massive MIMO

In this Chapter, we consider a massive MIMO system with low resolution
ADCGCs on each receive antenna. We propose a new linear MMSE-based detector
that incorporates the effects of coarse quantization in the ADC and the pilot-
based channel estimation error. We analytically derive the achievable rate, and
compare it against the capacity of a conventional MIMO system with higher order
modulation and near ML detection. By using 1-bit ADCs in massive MIMO, the
same achievable rate obtained as the conventional MIMO system can be attained
but with significantly less power consumption even with channel estimation error.

The corresponding results appeared in [48,49].

6.1 System Model and Proposed Detection Scheme

We consider a single-cell uplink (UL) system as depicted in Figs. 6.2 and 6.1,
where K single-antenna users are served by a BS that is equipped with an array

of N > K antennas. The sub-channels between each transmit-receive antenna
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pair is modeled as a Rayleigh block-fading channel in which the channel stays
constant over the channel coherence time.

The discrete-time complex baseband received signal over all antennas prior to
quantization, is given as

y =+pHs +w, (6.1)

where y € CV is the received vector, p is the uplink SNR, H € CV*¥K is the
channel matrix between the K users and the N BS antennas, and s € C¥ denotes
the channel input from all users. We assume that the channel gains [HJ, , ~
CN(0,1). Similarly, the entries [w], of the additive white gaussian noise vector
w € CV are CN(0,1) distributed. Moreover, E[tr(ss") < Kp| in which the

average power constraint is satisfied, and tr{-} represents the trace of a matrix.

6.1.1 Quantization in the ADC

The in-phase and quadrature components of the received signal at each antenna
are quantized separately by an ADC of b-bit resolution. Following the notation
of |24], we define a set of 2°+1 quantization thresholds ¢, ={vp, -+ , vy} and a set
of 2° quantization labels Ly, ={{, - ,ly_1} where {; € (v;, vi41]. Let By=Lyx Ly,
The b-bit quantization is modeled by the function @Q,(+) : C¥ — Bi¥ that maps
the received complex vector y with entries y, to the quantized output r with
entries r, = {,+j¢; if and only if ®R{y,} € [vk, vky1) and S{y,} € [u, vi11). R{-}
and 3{-} denote the real and imaginary parts of a complex scalar, respectively.

For simplicity, we consider the ADCs as symmetric uniform quantizers with
step size A. We further assume that the output of the quantizer is scaled by
a constant ¥ € R as in [24], to ensure that the variance of each entry of the

quantized output r is Kp + 1. The entries ¢; of the quantization labels £ are
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Figure 6.1: Uplink quantized massive MIMO system model

defined as

L—-1

Kpil and ®(z) is the CDF of a standard

where 9 = — = —
S () ()

normal random variable.

Considering uniform quantizers, the quantization thresholds are given by v; =

A (z — %), t=1,...,L—1, where the step size A of the quantizers is chosen to
minimize the distortion between the quantized and unquantized signal and can
be found numerically (see e.g., [124] for details).

The b-bit quantized received signal can then be written as

r 2 Qy(y) = Quly/pHs +w) (6.3)

In the 1-bit case (i.e., b = 1), we can write the quantized received signal r, at

the nth antenna as follows:

Qulyn) =/ *5 5 (sen(R{yn}) + jsgn(S{un})) (6.4)
where sgn(-) is the signum function defined as sgn(x) = —1 if z < 0 and sgn =
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Figure 6.2: Uplink 1-bit quantized massive MIMO system model

1if z > 0, and the quantized signal @ (y,) is scaled such that its variance is

Kp+1.

Bussgang decomposition for Gaussian inputs: The crosscorrelation of a Gaussian
signal before and after applying a non-linear operation (quantization) are equal
up to a constant [125]. When the input to the quantizer is Gaussian, Bussgang’s
theorem [125] can be used to decompose the quantized signal into a convenient
form. Using Theorem 1 in [24] and assuming y ~ CN (Oy, Cy) where Cy € CN*N|

the quantized vector r is linearly related to y through some diagonal matrix Gy

r=Gyy+d, (6.5)

where the excess quantization distortion d € CV and y are uncorrelated. The

entries of the diagonal matrix G, =G,Iy are real and given by

21 P v} V7
Gi=) —4____ | e Kptl — ¢ Kp+l ’ 6.6
b Zz_;\ [r(Kpt1) (6.6)
and the covariance matrix of y satisfies C, = (Kp + 1)In.
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Both the Gaussian assumption and the diagonal structure of Cy = (Kp+1)In
are accurate at low SNR or when the number of UEs is large [24|. Moreover,
due to the power normalization in (6.4), the covariance matrix C, of r becomes
C, = (Kp+ 1)Iy, and hence, the covariance matrix of the distortion d is Cq =
C,—GiCy =(1-G}) (Kp+1)1Iy.

For the infinite-resolution case (b = 00), it can be deduced that G, = 1, and

that for the 1-bit-ADC case (b = 1), we have G; = y/2/m, which is a well-known

result from [126] used to analyze the achievable rate with 1-bit ADCs.

6.1.2 Channel Estimation

In the channel estimation step, we assume that the coherence interval is
divided into two parts: one dedicated for training and the other for data transmission.
During the training phase, all K users simultaneously transmit their (P > K)
sized pilot sequences to the BS. All pilot sequences used by different users are
assumed to be pairwise orthogonal. Let ® € CX*F denote the pilot matrix
transmitted from the K users such that ®®" = Pplg. Furthermore, let Y, =
H® + W, and R, = Qy(Yy), where Y,,R, and W, € C¥*” denote the
unquantized pilot sequences, quantized pilots sequences received from the K
users at the BS during the training phase and the additive noise, respectively.
The linear MMSE channel estimator [24] is given by

GyR,®"

H= :
GiPp+Gi+(1-G)(Kp+1)

(6.7)

Let H = H + H where H represents the estimation error. The variance of the

channel estimate and of the estimation error are given by:
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C GiPp+GE 4+ (1 -G (Kp+1)

and
o GH(-GHEp+D)
GiPp+ Gy + (1 - GY)(Kp+1)

For the unquantized case (b = 00, G = 1), linear MMSE channel estimation

defaults back to its original form [127].

6.1.3 Data Detection

We consider the case when the BS employs an MMSE receiver. A soft estimate
S of the transmitted symbol s from the kth user is obtained as 5, = a,';'r, where
ap € CV denotes the linear (MMSE) receive filter for the kth user. Using (6.5),
we obtain

8, = af (Gyy + d) = \/pGraliHs + af'n, (6.8)
where we have defined n = Gyw +d . Note that the noise n and the input vector

s are uncorrelated such that Cy = (Kp+ 1)Iy holds.

We employ an MMSE-based receiver while considering the b-quantization in

which the detector matrix A is given by

AH:(ﬂHﬂ n Gﬁ—gprK) HH, (6.9)

where 8, = G2 + (1 — G3)(Kp+ 1) + KpG25? represents the variance of n that

accounts the additive noise, the quantization effect and the estimation error.
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Therefore, the kth column of A can be written as

1. T;lflk

= (AfA" + By )_ hy = —""-"+—— 6.10
ay, ( +G§p N k h,';"r,;lhkjtl’ (6.10)

K . .
where, as shown in [128] but with low resolution quantization, X, = > h;hH +
i=T,ik
One can note that for the case of full resolution (b = 0o, G, = 1), the detector

matrix A for the linear MMSE defaults back to its original form

Ay A =1 .
AH:(HHH v %IK) . (6.11)

6.2 Analysis of Uplink Achievable Rate

We characterize the rate achievable in a quantized massive MIMO uplink

system for Gaussian inputs.

6.2.1 Sum-Rate Approximation for Gaussian Inputs

Furthermore, while the quantizer noise d is non-Gaussian, we can obtain a
lower bound on the achievable rate by making the worst-case assumption 24,28,
29,126,127,129,130] that in fact it is Gaussian with the same covariance matrix
inCqg=(1-G})(Kp+1)Iy.

The paper [129] finds the worst additive noise for a communication channel
under a covariance constraint. As shown in [129], for low signal powers, the worst
additive noise is Gaussian with a covariance matrix in a convex set which depends
on the signal power. And as shown in [127], the worst uncorrelated additive noise,

wherein the noise is uncorrelated with the signal, is the Gaussian additive noise.
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Using the above findings and knowing that §, = aflr = \/ﬁGbafﬂs -
\/ﬁGbakHI:Is + alfln, the achievable rate can be approximated by treating the
additive noise at'n in (6.8) and the channel input as Gaussian random variables.

We then have the following general form for the achievable rate:

plaihy|*

p Y |alhy|2 + Byl
7k

where the terms in the denominator correspond to the interference, the estimation

error and the quantization distortion.

Achievable rate of the proposed MMSE-based detector
Using (6.10), the signal-to-interference-plus-noise ratio can be written SINRyvsg =
fl,';'T,;lflk, and by applying some straight-forward linear algebraic calculations,
N 5 A A -1 . 5 A e AaNTL .
HY (4L + HAY) W= (&1 + H7H) 07H
vP vP

2 —1
=Ty — (IK + @HHH> . (6.13)
b

We obtain the following approximation:

BYMSE(p) = By [logy(1+ B T )|

— 1
— EI:I 10g2 g —1
. 5 PN N
=Eq4 |lo L
H &2 5 -1
1- |8 | A-1y+HAR | H

k,k
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G2p oo\
= —Ey |log, (IK+B+’HHH) (6.14)

b Kk

Using Jensen’s inequality, we obtain the following lower bound on the approximate

achievable uplink rate in (6.12):

- 1
MMSE ( y < pMMSE( \ _ 1 1
RSE () > RS () oy (14 gt ) (6.15)
where ~y;, = L ———
o ]

Using a similar methodology as in [131]| while considering the b-bit quantization,
we approximate the exact distribution of 7, with a Gamma distribution which

has an analytically tractable form. Hence, the PDF of ~; is given by [132]:

fydb_le_'Y/éb
PV = ———5— (6.16)

F(O?b)ébdb

(N—K+1+(K-1p)2 45 _ N—K+1+(K—1)x G2ps? .
N-KH+E-Dr * % = NoKFIH(K—Du 5, and I'(+) is the Gamma

where a, =

function. Moreover, ;1 and x are obtained by solving following equations:

1

/J' - NGEB{;(}Q (1_K]\71+K];1u)+1
_ 2 6.2 _ 2 6‘2
(o ) = B

Proposition 3. Using the approzimate PDF of ~y given by (6.16), and the
proposed linear MMSE-based detector, the lower bound on the achievable rate
for the kth user is

RY™M3(p) = logy (1 4 (cy — 1)) (6.17)

Proof. Substituting (6.16) into (6.15) and using the identity I'(ap) = (dp —

I (ap — 1), the result follows. O
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Figure 6.3: Downlink quantized massive MIMO system model

Remark: From (6.12), the achievable rate Ry(p) can be rewritten as

r ath, |2
Ri(p) = Eg |log, (1 + Lg%:lkﬂ

i 1/2 —1/2¢
< Ey |log <1+”a?*k I h)}

H
ak Tkak

— By [logo(1+ BT hy) | = RYVSE(p). (6.18)

The inequality is obtained by using Cauchy-Schwarz’ inequality, which holds with
equality when using the proposed detector in (6.14) with a; = aT,;llAlk, for any
a € C. Therefore, the proposed MMSE-based linear detector is optimal in the

sense that it maximizes the achievable rate given by (6.12).

6.3 Extended study for downlink (DL) quantized
massive MIMO

We consider the downlink of a single-cell massive MIMO system as illustrated

in Fig. 6.3. The system consists of a BS with M antennas that serves K
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single-antenna UEs simultaneously and in the same time-frequency resource. For
simplicity, we assume that all RF hardware (e.g., local oscillators, mixers, power
amplifiers, etc.) are ideal and that the ADCs at the UEs have infinite resolution.
However, the BS is equipped with low resolution digital-to-analog converters

(DACs). The input-output relation of the downlink channel can be modeled as

y = pHx + n. (6.19)

The vector y = [y1, ..., yx]T contains the received signals at all users, with
yr € C representing the signal received at the kth th UE. The channel matrix
H ¢ C¥*Y models the downlink channel. We shall also assume that the entries
of H are independent circularly-symmetric complex Gaussian random variables
with unit variance, i.e., hy, = [HJp, ~ CN(0,1) , for £k = 1,..., K , and

n=1,..., N . The vector n € CX in (6.19) models additive noise. We assume

2

n

the noise to be i.i.d. circularly-symmetric complex Gaussian with variance o
per complex entry, i.e., n, ~ CN(0,02) , for k=1, ..., K. We shall also assume

that the noise level is known perfectly at the BS.

For linear-quantized precoders, the precoded vector x € X is given by

X = Qb(PS) = GbPS + d. (620)

Here, Qy(+) : CP — X2 denotes the quantizer-mapping function, which is a
nonlinear function that describes the joint operation of the 2N DACs at the BS.

The precoded vector x must satisfy the average power constraint

Es[|x]3] < p- (6.21)
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We use the Wiener filter (WF) precoder [29,133]:

Ui (et K02 N7
PV — WHH (HHH  =0n IK) (6.22)
P

where

2 —1
VP p

N =172
. = Ko2 !
HH" (HHH+ U”IK> ) . (6.23)
p

As shown in [29], coherent transmission of data using multiple BS antennas
leads to an array gain, which depends on the realization of the fading channel.
We shall assume that the kth UE is able to rescale the received signal y, by a
factor By = (hIGypx)™' € R to compute an estimate §; € C of the transmitted

symbol si as follows:

Sk = Bryr = sk + Br(er + ). (6.24)

The nonlinearity introduced by the DACs prevents one to characterize the probability
distribution of the error term e in closed form, which makes it difficult to
compute the achievable rates. One can, however, lower-bound the achievable rate
using the so-called “auxiliary-channel lower bound” [134]. As auxiliary channel,
we assume that [29]

5k = sk + Br(€r + 1), (6.25)

where é;, ~ CN (0, Es[|ex]?]) has the same variance as the actual error term e, but
is Gaussian distributed. Assuming Gaussian inputs, by standard manipulations

of the mutual information, we can bound the downlink achievable rate RP" for
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UE k£ =1,2,..., K while considering the imperfect channel estimation as follows:

RPL = By [I (sk; Sl H)] (6.26)

[ 3 ‘Sk ( |8k? ) ]
=E, 50 log2< sl (6.27)
L o1 |H) ]
sk‘SkH( ’Sk? )

> E,, 5.0 10g2< e ) ) (6.28)
L Sk H J

= Egllogy (1 + )], (6.29)

where
)thpk
W= _ S . (6.30)
5| BTGp, |+ BICabi + 52 I [pil + o

‘ 2

is the signal-to-interference-noise-and-distortion ratio (SINDR) at the kth UE,
and Cq = E[dd"] denotes the covariance of the distortion d. Using (6.20), the

covariance of the distortion Cq is obtained:
Cq = C, — GPP#G” (6.31)

where Cy = Eq[xx"]is the covariance matrix of the quantized signal x = Q,(Ps),

and we obtain it through Monte Carlo simulations.

6.4 Experimental Simulation Results

6.4.1 Simulation Setup

For our simulation, we consider a single-cell 1-bit massive MIMO uplink with

K = {8,16,32} users and N = {128,256} BS antennas for QPSK and Gaussian
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inputs. We assume that the pilots are generated based on the Fast Fourier
transform (FFT) matrix which ensures orthogonality (i.e. ®®" = Pplx) where
P = 3K.

1. In order to compute the achievable rate for the QPSK inputs, the achievable
rate is Ry(p) = I(sy; 8, |H) as shown in [135]. We expand the mutual

information I(sg; 8, | H) as follows:

~

~ P, & (§k|8k,H)
I(si;5,|H) =FE. . #|lo Suloi - . 6.32

A

Here, the conditional probability mass functions P, . 7 (Sk|sk, H)

and Psk|H(§k]ﬂ) = E, [ng‘sk’ﬂ@k\sk,ﬁ)] are needed to compute (6.32).
We use Monte-Carlo simulations to estimate them since no closed-form
expressions are available for these quantities. In particular, we simulate

many noise and interference realizations, and map the resulting 5 to points

over a rectangular grid in the complex plane.

2. A conventional MIMO system with higher-order modulation can be developed
that uses near ML detection and achieves capacity that is upper bounded
by [135]:

Reomventional () — gy [logy(det{Iy + 2HH"})] (6.33)

where det{-} corresponds to the determinant of a matrix.

6.4.2 Achievable Rates with perfect and imperfect CSI

Moreover, we evaluate the validity of our closed-form expression for the achievable

rate for the MMSE-based linear detector given in (6.17) for Gaussian inputs with

86



perfect and imperfect CSI. In Fig. 6.4, we show the exactness of the proposed
closed form of the MMSE-based detector (6.17) with the simulated form (6.12).
One can notice that, the closed form achievable rate perfectly matches with the
simulated rates for perfect and imperfect CSI. This indicates that our derived
expression (6.17) is a valid predictor for the performance of 1-bit massive MIMO

system.

Furthermore, in Fig. 6.5, we show the accuracy of the proposed closed form
of the MMSE-based detector (6.17) with the simulated form (6.12) for low bit
resolution ADCs (b = {1,2,3}). One can notice that the closed form achievable
rate perfectly matches with Monte Carlo simulated rates for perfect and imperfect
CSI. This indicates that our derived expression (6.17) is a valid predictor for the

performance of b-bit massive MIMO system.

In addition, we compare the sum rate between the 1-bit massive MIMO with
linear detection and the conventional MIMO systems with near ML detection.
Figure 6.6 shows the sum rate versus the SNR for the two systems. It can be
seen that the proposed MMSE-based detector outperform the ZF detector as the
number of antennas at the BS decrease for both QPSK and Gaussian inputs.
The curves illustrate that the SNR regimes are bifurcated into two regions in
which for the low SNR regime the massive MIMO system can out perform the
conventional MIMO even with imperfect channel estimation; however for high
SNR the conventional MIMO system with a near ML detector can out perform
the massive MIMO system. For instance, to achieve a sum rate of 62 bits/channel
use for the one bit massive MIMO case with N = 256 antennas at BS and
K = 32 users the needed SNR is —3dB with just QPSK modulation; however,
for a classical large MIMO (e.g., 16 x 16) system with near ML detection the

needed SNR is 15dB, and for an 8 x 8 MIMO system the needed SNR is around
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25dB. Therefore, Fig. 6.6 shows that the 1-bit massive MIMO achieves higher
rates than the conventional MIMO at low SNR values taking into account the

imperfect channel estimation.

Moreover, figure 6.7 compares the sum rate between the uplink b-bit quantized
massive MIMO with linear detection against the conventional MIMO systems
with near ML detection, assuming imperfect channel estimation. For the b = 1
bit quantization case, the SNR regimes are bifurcated into two regions: for the low
SNR regime, the massive MIMO system can outperform the conventional MIMO
even with imperfect channel estimation; however, for high SNR, the conven-
tional MIMO system with a near-ML detector can outperform the massive MIMO
system. For instance, to achieve a sum rate of 62 bits/channel use for the one
bit massive MIMO case with N = 256 antennas at BS and K = 32 users the
needed SNR is —6dB with just QPSK modulation; however, for a large MIMO
(e.g., 16 x 16) system with near-ML detection the needed SNR is 15dB, and for
an 8 x 8 MIMO system the needed SNR is around 25dB. Furthermore, it can be
seen that for few bits (i.e. 2 or 3 bits) of quantization, the proposed MMSE-based

detector with massive MIMO deployment outperforms the conventional MIMO.

Finally, to complete the comparison study, figure 6.8 compares the sum rate
between the downlink b-bit quantized massive MIMO with linear detection against
the conventional MIMO systems with near ML detection, assuming imperfect
channel estimation. The same conclusions are formed as the uplink case, wherein
similarly for the b = 1 bit quantization case, the SNR regimes are bifurcated
into two regions: for the low SNR regime, the downlink massive MIMO system
can outperform the conventional MIMO even with imperfect channel estimation;
however, for high SNR, the conventional MIMO system with a near-ML detector

can outperform the massive MIMO system. Furthermore, it can be seen that
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Figure 6.4: Mutual information per user versus SNR for a K x N massive MIMO
system where K = 8,16, 32 users and N = {128,256} BS antennas.

for few bits (i.e. 2 or 3 bits) of quantization, the quantized massive MIMO

deployment outperforms the conventional MIMO.

6.5 Conclusion

In this work, a quantized massive MIMO system is considered. Using the
Bussgang decomposition, a new MMSE-based linear detection scheme, that incorp-

orates the non-linear effects of quantization and the pilot-based channel estimation,
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Figure 6.5: Mutual information per user versus SNR for a K x N massive MIMO
system where K = 16 users and N = 128 BS antennas and b = {1,2,3}
quantization bits; analytical versus simulated for the proposed MMSE-based
detection with imperfect channel estimation.

has been derived for the uplink case. A closed form expression for the uplink
achievable rate has been derived, and used to analyze and compare the perform-
ance of 1-bit massive MIMO system with perfect and imperfect CSI against a
large MIMO system that employs higher-order modulation. In particular, it has
been shown the SNR is bifurcated into regions where, for low SNR regions, a
1-bit massive MIMO system with channel estimation error can achieve a higher

throughput compared to a large MIMO system, while for high SNR regions, a
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Figure 6.6: A comparison of the total system throughput for a K x N quantized
Massive MIMO where where K = {8,16,32} users and N = {128,256} versus
Conventional MIMO (8 x 8 and 16 x 16) systems.

large MIMO system with a near-ML detector can outperform a massive MIMO

system. Moreover, it has been shown that for a few bits of quantization (e.g.,

2 or 3 bits), the quantized massive MIMO can still outperform the conventional

MIMO.
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Chapter 7

Array Signal Processing For
FDD-based Cell Free Massive
MIMO

In this chapter, we consider a cell-free massive MIMO system with multiple
antennas at each AP operating in FDD mode that do not require any feedback
from the user. By exploiting the angle reciprocity and angle coherence time, we
propose a multipath component estimation for the AoA and large scale fading
coefficients based on DFT operation and log likelihood function with reduced
overhead. We further derive a closed form expression for the MSE of the AoA
estimation and large scale fading estimation. Both theoretical and numerical
results are provided to verify the effectiveness of the proposed methods. In
addition, we propose linear angle-based beamforming/combining techniques for
the downlink /uplink transmission that incorporate the estimated AoA and large-
scale fading components. Interestingly, the proposed schemes scale only with the
number of served users rather than the total number of serving antennas, and

need to be updated every angle coherence time. Therefore, the impact of signaling
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Figure 7.1: Cell-free massive MIMO system model

overhead is substantially reduced with the proposed schemes. The corresponding

results have been published in parts in [50,51].

7.1 System Model

As shown in Fig. 7.1, we consider an FDD-based cell-free massive MIMO
system having M APs, each equipped with a uniform linear array (ULA) of
N antennas, serving K users with single antennas. We assume a geometric
channel model with L propagation paths [114,116]. Moreover, AoAs (or angle-
of-departures (AoDs)), large-scale fading and small-scale fading coefficients are

called the multipath components of the channel. Due to angle reciprocity in FDD

95



systems [114], and frequency in-dependency, we assume that 1) the uplink AoA
and downlink AoD are similar, and 2) the uplink and downlink large-scale fading
coefficients (slow fading and distant-dependent path loss components) are similar
[136,137]. However, uplink and downlink small-scale fading coefficients in FDD
systems are distinct since they are frequency dependent [136,137]. Therefore, the

N x 1 channel vectors can be expressed as [114,116|

h = \/% ZZI: ﬁlala(qﬁl), (71)

where a; ~ CN(0, 1) is the complex gain of the Ith path that represents the small-
scale Rayleigh fading, and (; is the large-scale fading coefficient that accounts for
path-loss and shadowing effects. The variable ¢, € [0,27] is the angle of arrival
of the [th path. The array steering vector a (¢;) is defined a

a (¢r) = [ 1, e 7€j(N—1)Wsin(¢l)}T ’ (7.2)

where 1 = %T“, u is the antenna spacing, and A is the channel wavelength (Note
that we also define v; = nsin (¢;)). Equivalently, the channel vector in (7.1) can

be expressed in matrix-vector form as

1
h = \/;ABa, (7.3)

where

Anvr =1la(¢1),...,a(én)], (7.4)
BL><L - diag(\/E, te \/ﬁ_LL (75)
Arw] = [Oél,...,OéL]T. (76)
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As mentioned previously, the quantities a are dependent on frequency; however
B and A are constant with respect to frequency over angle coherence time interval

(as discussed in subsection 7.2.4).

To model a realistic system where we have non-ideal angle reciprocity, we
assume that the differences between uplink and downlink multipath components,

_u/d ~u/d . . . .
Ulu/ and ﬁlu/ , are 1.i.d. random variables with zero mean and variance o7, 03 < 1

[138].

7.1.1 Uplink Training

Let pr, € C*7 be the uplink (UL) pilot signal sent by the kth user composed
of 7 symbols with unit norm. All pilot sequences used by different users are
assumed to be pairwise orthogonal, since the angle coherence time is much longer
than the conventional channel coherence time [43|. Therefore, we can assign a
sufficiently large number to 7 such that 7 > K holds true.

Therefore, the received signal Y,,, € CN*7 at the mth AP sent by the kth
user is given by

where p is the uplink transmit power and the entries [N,,x],; of the additive white
Gaussian noise matrix N,,; € CV*7 are independent and identically distributed
(i.i.d.) CN(0,02) random variables. Multiplying (7.7) by p} and collecting T

samples, we have

= VA () + Dy, t=1,...,T, (7.8)
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where d,,;, = \/LZBmkamk and N, = 1V’mkp]|<—;| ~ CN(Oleuo-zzIN)‘ Then7 the T

samples of (7.8) are collected in a matrix form as

where Yox = [Yor(DPY, - o, Yo (T)PY], Hye = [hr(1), ..., hyi(T)], Dy =
[dp(1), ..., dui(T)], and Ny = i (1), . . ., (7))

The multipath components estimation is performed in a distributed fashion,
in which each AP independently estimates the multipath components to the K
users. The APs do not cooperate on the multipath components estimation, and

no estimates need to be shared among the APs.

7.1.2 Downlink Payload Data Transmission

The APs, based on the estimated multipath components, independently apply
N x 1 beamforming vector w,,; to transmit signals to the K users. Moreover,
APs do not cooperate on the beamforming vectors. The transmit DL signal from

the mth AP is given by

K
Xy = \/szvmksg, (7.10)
k=1

where s¢ is the data symbol for the kth user satisfying E[|s¢|?] = 1, and p? is the
maximum transmit power satisfying, E[||x,,||3] < p. Tt can be noted here that

the multiplexing order is equal to 1.

Then, the received downlink signal at the kth user is given by

M

a_ H d

Ty = E hy Xm + 1y
m=1
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K M

= \/_Zh kak3k+\/—ZZh ka]S] +nj, (7.11)

j#k m=1

-~

S I

where nd ~ CN(0,0,) is the additive noise at the kth user. Note that the
received signal can be decomposed into three parts: 1) desired signal part (S), 2)
interference part (I), and 3) noise nl. Moreover, the kth user can detect signal

d d
sy, from 7.

7.1.3 Uplink Payload Data Transmission

In the uplink, all K users simultaneously send their data symbols s}, where
E{|s}|*} = 1, to the APs. It can be noted here that the multiplexing order is

equal to 1. The received UL signal at the mth AP is given by

K
vy = /p" Z h,.ksp + 1., (7.12)
k=1

where p" is the uplink transmit power and n} is additive noise at the mth AP.
The noise entries ([n];) are modeled as i.i.d. CA(0,02). The received signal is

multiplied by the N x 1 combiner v,,, at each AP where the resulting signal is
sent to the CPU through a backhaul to detect the signal. The CPU will receive
M K M
m=1 k'=1m=1
Then, s, is detected from 7.

The main system parameters are summarized in Table 7.1.
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Table 7.1: System Parameters

Number of APs, and number of antennas per AP M,N
Total number of users K
Number of paths L
Channel gain for the mth AP and kth user h,,.x
Angular steering vector for the /th path a(¢y)
Angular steering matrix for the mth AP and kth user | A,
Large scale fading matrix Bk
Small scale fading vector Qe
N x N DFT matrix Fy

7.2 Proposed Angle information aided channel estimation
for FDD systems

In this section, we present the FDD-based cell-free massive MIMO systems
that directly acquire multipath components from the uplink pilot signal and use
them for the AP cooperation. Using array signal processing, we first present the
low complexity DFT-based AoA estimation, and then we propose the large scale
fading estimation based on the estimated angle information. Note that we need to
estimate both components (AoA, and large scale fading) for every angle coherence

interval, in order to apply low complexity beamforming/combining techniques.

7.2.1 AoA Estimation Algorithm

1. Initial AoA Estimation: Based on the classical DFT estimation approach,

we first define a normalized N x N DFT matrix Fy whose (n, ¢)th element
.2mng

is given by [Fyln, = \/Lﬁe_j N . In addition, we define the normalized

DFT of the channel matrix h,,;, as hPYT = Fyh,,;, whose gth element is

computed as

[hDFT

1
mk ]q: ﬁ
=0



L-1N-1
_ ﬁzz B Cmie —5(ZFng—nnsin(¢,me))
=0 n=0
L— : 27 : N
- 1 —i 8 Zrg- 778111(¢z mk)] . Si [(Wq — s le mk ) ?]
VNL l:0 Bl,m A mk€ N Sin [(Nq—nsu’l ¢lmk )%] .
(7.14)

It is noted that with infinite number of antennas in the array, i.e., N —

0o, there always exist integers ¢ = U’ =t (for [ = 1,...,L), such that
[h?ﬁf]ql = —W and vy, = nsin (gbl,mk), while the other elements of
hPET are all zero [113,115]. Hence, all powers are concentrated on the gth

elements.

However, in practical antenna design, the array aperture cannot be infinitely

large in cell-free massive MIMO communication systems. In this case,

Nvpmk

5o will not be integer which will lead to channel power leakage from

the (L%}th) element to its nearby elements. In fact, the leakage of

channel power is proportional to the deviation Nl;l;rm’“ — LM;Z;:““L but is

inversely proportional to N as shown in (7.14).

However, [hP5T] can still be approximated as a sparse vector with most
power concentrated around the (L%}th) element [113,115]. Hence, it is
still useful to extract initial AoA information from the peak power position
of [hp']-

Moreover, we can express the DF'T of the estimated channel matrix 1

with its gth element

05, = k], + Mokt (7.15)
We denote L largest peaks in L bins of [hP¥T] as (¢, .-+ ¢™). Then the
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initial AoA estimates for the kth user can be calculated from

L Aqini
ini co—1 l

= ) 7.16
l,mk Sl ( Nd ) ( )

AL
m

. Fine-Grain Estimation: The resolution of (¢,,) via directly applying
DFT is still limited by half of the DFT interval, i.e., (ﬁ) To improve
the AoA estimation accuracy, an angle rotation operation from [113,115] is
applied; however applying the estimation technique from [113,115] is not
applicable as is, since we need to further consider and estimate large scale
fading coefficients, and apply the extended estimation technique on the

proposed FDD-based cell-free massive MIMO system. The angle rotation

of the original channel matrix is defined as
hy . = PN (AGLmk) Do, (7.17)
where the diagonal matrix ® (A i) is given by
®(Ady i) = diag { [1,e/200mk, . dNDAmR] L (7.18)

with A¢; € [—(m/N), n/N] is the angle rotation parameter with search grid

defined as G. After angle rotation, the DFT of the rotated channel model

2]

is given by
(i,
L—1 : 21 A
_ _1 *j%[%’rqfvz,mkfﬁmmk] S [(Wq — Yimk — ¢l’mk)
= 7N Z V Bimk O mke '
1=0

sin [(%ﬂq — Vlymk — A¢l,mk)

(7.19)
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It can be deduced that the entries of [h'>F"] have only L non-zero elements

when the angle shifter satisfies

AQslﬁnkr = QWQZ/N — Ulmk = 27TQZ/N - nSin (¢l,mk) ) (720)

where A¢y; is the optimal phase shifter. Based on the derived phased

shifter, the estimated AoA of the [th path for the kth user is given by

. o (2Tmq Ak
Prmk = i~ ( - : : (7.21)
N1 U
Therefore, the estimated AoA matrix is given by
A= [a (G ) -2 (Srme) (7.22)

7.2.2 Large Scale Fading Estimation

Based on the AoA estimate and given that 0,z ~CN (Ox«1,021y) in (7.9), the
probability density function of Y, for given ¢,k and By, over all {=1,--- | L

can be expressed as

. exp { = 2 [V — /pAms Do [}
(Y k| Prmies Brmk) = = (7o2)N . (7.23)

The log-likelihood function can be applied to (7.23) to give

LDy, 02)=—Nln7 — Nlno? — XoievPAuiDunlle (7.24)

T

Knowing that L is a concave function of o2 and D,,;, the optimal estimates G2
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Algorithm 4 Extended DFT and angle rotation based multipath component
estimation

1:

10:

11:
12:

13:

14:

15:
16:

Input: Y € CN*T, L, G and A
Output: é e R B c Cchxt
// AoA Estimation
for |=1:Ldo
for t=1:T7do
Find the central point (¢™) of each bin in hP¥T = Fy§P (1) where
(q™) = arg Max(q)ebin(l) Iy gl 1= 1.+ L.
(A¢y) = ArgMaXp se(=x x| ||qu2ni¢(A¢l)yfnk(t)||2, where fy i is the
¢i"ith column of Fy.

~ o N .1 2ﬂ,qini Ad
Gi(t) = 6i(t — 1) +sin ( o Tl)

end
Olmk = %QI(T)
end
// Large scale fading Estimation

D= (A AL) AN,
where A, = a <q§1’mk> ,...,a (gZ;Lmk>]
Ry = £[D,, D]
Bk = [Brmks - - -+ Brmi]T = diag(Ry)
end
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and D, can be obtained by taking a partial derivative with respect to o2 and

D,.;. Hence, 62 = + || Y — \/ﬁAmsz)mkH%, and

~ 1 o o -1 .
= AL Yo, (7.25)
where A, = [a(qgl,mk), . ,a(éL,mk)] is the estimate of A,,; which is obtained

using array signal processing (DFT operation with angle rotation). Once A, is
obtained, we next estimate the large-scale fading coefficients . From (7.25),
we can estimate D, and the covariance matrix Rmk,d = %E[ﬁmkﬁ;k} Note
that the original covariance matrix R, 4 is given by

Rokd = L X E[d,rdini”] = BoiE[agpo: B

mk

= diag(ﬁl,mk, Ce >5L,mk>- (726)

Hence, we can obtain the estimates of the large-scale fading coefficients as

Bmk = [Bl,mk, ce 7BL,mk]T = diag(f{mk,d)- (7-27)

The proposed multipath component estimation is shown in Algorithm 4, where

G is the search grid within [— needed for angle estimation.

N )
Note that the search grid parameter G determines the complexity and accuracy

of the algorithm. The complexity of the whole algorithm is of the order O(N log N+

GN L) where the factor N log N comes from the DFT operation and GN L comes

from rotation operation over a search grid G for all paths L over N antennas.

Moreover, the complexity of the proposed algorithm is less than that of the
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classical subspace ESPRIT algorithm of complexity O(N? + UN?), with U > G

being the number of snapshots required during blind estimation |139].

7.2.3 Performance Analysis

Using the same methodology as in [113,115] in addition to estimating the
large-scale fading parameter, we derive the theoretical MSE of the AoA estimates
and the large-scale fading coefficients for the cell-free massive MIMO system. In
general, a closed-form solution of the MSE for multiple AoA estimations is hard
to obtain [113]. An alternative approach is to consider the single user and single
propagation path and derive corresponding MSE of ¢ and § as benchmark [113].
For a single propagation path according to (7.9), the received training signal at

the mth AP transmitted by the kth user is given by

Yk = YomkPy
- \/ﬁhmk + Ny

where a(¢) is the N x 1 steering vector with its ¢th entry given by [a(¢)], =

\/_lﬁe(q_l)vmk’ .
For brevity, we henceforth omit the subscript mk representing the link between

the mth AP and the kth user. The proposed angle estimator can be expressed as

~ H—
0 = argmax || rmzald) v

= argmax [a(6)"'y |
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= argmaxy"a(¢)a(¢)"y, (7.29)

where a(¢) = ®(A¢)fy,, [|a(®)]|* =1, fy, is the gth column of Fy, and ¢ is the

nearest integer to %
™

Moreover, using (7.25), the ML estimate of d is obtained as

duL = \/Lﬁ(a(Cb) a(¢)'a(e) ¥

~ H
1 <
= hopEa@) ¥

— —lonald) a(@)d+ —losa(@)

~H

~ H 3
= harEa@) a@)VBe + —sa(d) n. (7.30)
The joint ML estimates of v and d can be obtained from

[OvLdu] = arg min ||y — a(¢)d]*, (7.31)

where Uy, dyL are the optimizing variables.

Therefore, using (7.30), the ML estimate of v is given by

OmL = argmax y P,y = arg max g(v), (7.32)

where g(v) is the cost function of v. For the single-path case, P, =a(¢)a(¢)" is

the projection matrix onto the subspace spanned by a(¢), and a(¢) represents the
steering vector given in (7.1). For the multi-path case, Py =AAT=A(A"A)"1AH
represents the projection matrix onto the subspace spanned by A, and A is the
steering matrix given in (7.4). As shown in [115] while including the large scale

path-loss parameter 3, the MSE (7.29) of the considered DFT estimator coincides
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with that of the ML estimator (7.31). Using Lemma 1 in [115] while including

the large-scale fading parameter and p,pt =1, the MSE of v is expressed as

0.2

E[Av?] =E[(0 — v) (0 —v)"] = 2p5a(<5)HEnPLEa(¢S)’ (7.33)

where E[Av] = 0, Py = I—P, is the projection matrix onto the orthogonal space
spanned by a(¢) and E is the diagonal matrix given by E = diag{0,--- , (N — 1)}.
Based on the fact that v = nsin ¢ and ¢ = sin_l(%), we further examine the MSE

of ¢
2 (% ’ o,
Bl = (277 25a()"EP, 'Ea(d) 3

Using Taylor series expansion, a of first-order approximation of a(¢) is given
by
a(6) = a(d) + jEa(d)Av. (7.35)

Substituting (7.35) into (7.30) and after collecting 7" samples, we rewrite d as

d=1[dy,--,dr]
—d+ jibna) Ba()Avd + —1oa() N, (7.36)
where N = [y, -+, fig].
Moreover,
§= ZE[Ad") = 5+ BE[(Av)] | Lma(6) "Ba(d) P+

TROE 3)'E[nn }flla \Pa(@H)H
7ilald) Ba@) |, o

=6+ - :
20a(¢) EP, Ea(d) P

(7.37)
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Therefore, the MSE of § can be obtained

E[A8%] =E[(B - 8)(3 - B)"]

:< o3la(0) Ba(@) +0_2>2~ (7.38)
2pa(Q)HEP, " Ea(p) P

Furthermore, the MSE expressions of the estimated AoA and large-scale
fading components derived in (7.33) and (7.38) give important insights when
assessing the impact of beamforming/combining techniques on the spectral effi-

ciency of the proposed FDD-based cell-free massive MIMO system.

7.2.4 Angle Coherence Time

Different from the conventional channel coherence time, the angle coherence
time is defined as typically an order of magnitude longer, during which the AoDs
can be regarded as static [43]. Specifically, the path AoD in (7.1) mainly depends
on the surrounding obstacles around the BS, which may not physically change
their positions often. On the contrary, the path gain of the kth user depends
on a number of unresolvable paths, each of which is generated by a scatter
surrounding the user. Therefore, path gains vary much faster than the path
AoDs [43]. Accordingly, the angle coherence time is much longer than the conven-
tional channel coherence time. Therefore, we can leverage from this fact and
perform multipath estimation in every angle coherence time instead of the much
shorter channel coherence time as the impact of the overhead is substantially

reduced.
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7.3 Proposed Beamforming and Combining Techniqg-
ues

We next propose the angle-based matched-filtering, angle-based zero-forcing
and angle-based minimum-mean-square-error beamforming/combining that incor-
porate the estimated angle information, and the large-scale fading components.

The APs are connected via a backhaul network to a CPU, which sends to
the APs the data-symbols to be transmitted to the end-users and receives soft-
estimates of the received data-symbols from all the APs. Neither multipath
estimates nor beamforming/combining vectors are transmitted through the backhaul

network.

7.3.1 Angle-Based Beamforming
The angle-based beamforming (or precoding) vector w,,; for the mth AP and
the kth user is defined as

L A

G

Wk = Z”mG,lgmk,l ="y (7.39)
o |G|
where g, is the [th column of G = [8mk.15- - - 8mk.r] defined below for

the proposed angle-based beamforming techniques. In addition, 7,; is the
normalized complex weight for the Ith propagation path that satisfies Zlel Yk a|? =

1 and Yo = [Ymki1s - - - Ymk.r)” - Moreover, using (7.10),

G'm m

will satisfy the maximum transmit power pg.
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Angle-Based Matched-Filtering Beamforming (A-MF)

The precoder matrix based on the angle information is given by

GAME — A, Bk, (7.41)

where Amk = [a (gzglmk> R | (@Lmkﬂ and Bmk = diag (\/Bl,mk, e \/ﬁALmk)

are the estimated AoA and large-scale fading matrices according to (7.22) and (7.27).
Moreover, A-MF is a simple beamforming approach that only requires the channel
multipath components (AoA and large-scale fading) of the direct link between

the mth AP and the kth user. However, the inter user interference is ignored.

Angle-Based Zero-Forcing Beamforming (A-ZF)

We use A-ZF beamforming as a means to efficiently suppress interference. To
do so, the conventional ZF beamforming employs all the downlink CSI from the
users. However, the angle-based ZF beamforming used in this work is distinct
from the conventional ZF beamforming in the sense that only the angle informa-
tion and large-scale fading coefficients of the channel are required in the beam-

forming design. We collect the corresponding array steering vectors into A, =

~

[An1, ..., Ank] and similarly for B,, = diag <[Bm1, . ,BmK]T>. Then, the

precoder matrix is given by
A N A A N A N —1
Gi = A,B, (BHAYA,B,) . (7.42)

where beamforming vector is g, defined as the ((k — 1)L +[)th column of
GA-ZF
A key property of the angle-based ZF beamforming is that the beamforming
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vector is orthogonal to all other array steering vectors as given below:

. st Ame ifi=k;
B A ) SR (7.43)
0 ifi £ k.
The pseudo-inverse in A-ZF is more complex than A-MF, but the interference

is suppressed.

Angle-Based MMSE Beamforming (A-MMSE)

We use an angle-based MMSE beamforming design that can efficiently suppress
interference, noise and channel estimation error. The A-MMSE strikes a balance
between attaining the best signal amplification and reducing the interference.

The proposed angle-based MMSE beamforming matrix is given by

A-MMSE __
Gmk -

K -1
(Z((AkakaEnkAt'nk + L) + 031N> A, B, (7.44)
k=1
where T, = 52(EA . Bu) (BA, B, )M +6263(EA,1 ) (EA, )M +62A,,, AN
such that 67 = o + E[Av?] and 63 = 07 + E[A[?], where o7 and 03 account
for non-ideal DL angle reciprocity, and E[Av?], E[AB?] are the MSEs as defined
in (7.33) and (7.38), respectively.
Therefore, for A-ZF/A-MMSE, the only overhead for DL channel acquisition
at each AP comes from UL training, which only scales with the number of served
users. In addition, one can note that A-ZF is suitable for high signal-to-noise

ratio (SNR) conditions since it is expected that A-ZF and A-MMSE would have
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the same performance when the effect of noise is low.

7.3.2 Angle-Based Combining

Similarly, the combining vector v,,; for the mth AP and the kth user is defined
as
L
Vink = Z Yk dCmkl = CmkYmk, (7.45)
=1
where &, is the ((k— 1)L + I)th column of C,, which corresponds to C,j, =
[Cokts - - s Cmier)y a0d Yy = T and Yok = Yink1s - - - > Ynko£)” -

Using UL-DL duality [140], the combining vectors of the uplink case for A-MF

combining, A-ZF combining and A-MMSE combining are also defined as

GAME for A-MF combining;
Cok = GAZE  for A-ZF combining; (7.46)
GAMMSE ™ for A_MMSE combining.

such that 67 = E[Av®] and 63 = E[AS?]. The corresponding combining matrices
were defined in (7.41), (7.42) and (7.44).

The benefits of relying on only the angle information and large-scale fading
are: (i) the need for downlink training is avoided; (ii) the beamforming/combining
matrices can be updated every angle coherence time, and (iii) a simple closed-
form expression for the spectral efficiency can be derived which enables us to

obtain important insights.
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Chapter 8

Power Control and AP selection For
FDD-based Cell Free Massive
MIMO

In this chapter, closed-form expressions are derived for the spectral efficiencies
for the FDD-based cell-free massive MIMO downlink and uplink with finite

numbers of APs and users.

Our analysis takes into account the proposed beamforming/combining technig-
ues and the effect of multipath estimation errors. Finally, we propose a solution
to the max-min power control problem by formulating it as a standard semi-
definite programming (SDP) approach. The proposed max-min power control
maximizes the smallest rate of all users within the angle-coherence time-scale. In
addition, we present a user-centric AP selection scheme to further enhance the

energy efficiency of the system.

Simulation results are presented to demonstrate the effectiveness of the proposed

schemes. The corresponding results have been published in parts in [50,51].
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8.1 Spectral and Energy efficiency Analysis

In this section, we derive closed-form expressions for the spectral efficiencies
per user for DL and UL transmissions using the analysis technique from [32,33,

116]. Then, we define the total energy efficiency of the system.

8.1.1 Spectral Efficiency

The downlink spectral efficiency per user using the proposed beamforming

schemes is given by

dsd
RY = log, (1 + SINRY) ~ log, [ 1+ P Ok : 8.1

where

M
Si=>E

[

B8 ] 2]

represent the strength of the desired signal of the kth user (S¢), the interference
generated by the jth user (I3}), and the beamforming gain uncertainty (BUY),
respectively. The elements inside the norm of Sf, I, and BU are uncorrelated
zero mean random variables. In addition, ﬁmk =h,; — flmk = Amk]gmksmk and
the channel uncertainty is h,,. = A{;(EAkamk)smk—l—ABAmksmk—i—ABA@EAmksmk,
where A0 and AJ differ in the DL and UL directions due to un-ideal angle

reciprocity such that Aod = v — v —gv/d, ABd = 6“—5’“—3““, ADY = vt =0,
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M s N A
R% ~ 10g2 (1 + pd Zm:l ||BT|-T|L]€AT|—)|7,kakJ||2 )
_ K M B A A K M )

p? Zj;ék D met ‘BankAg@kasz + pf Zj:l > et g + 0

(8.3)

where Qy, j = &3 (Be A B) Wi | + G5 (Ag W2 + G567 (AL B |12

Ry ~
u ZM HBH AH < HQ
1 14+ P m=1 mk* Y mk Vmk
082 uNE SSM O BH AH o ()24 u K M 2N M 1 g2 )0
P Zj;ék > om=1 |IBru AV + p Zj:l Dome1 Mg 023 Vo]
(8.4)
where A, ; = 62[|(BE AR B2 + 531 (AR Viml|2 + 6352 (AR B2

and A" = " — BU.

Similarly for the uplink case, the uplink spectral efficiency per user using the

proposed combining schemes is given by

RY ~ log, (1 + ) ) (8.2)

puIS + p"BUY + 02 S0 [V |2

where uplink desired signal power (S}), the interference caused by the jth user
(7;.), and the combining gain uncertainty (BUj) are defined similarly as the

downlink case but by substituting w,,; with the combining vector v,,;.

Using the fact that oy ~ CN(0,1) as well as the fact that angle of arrival and
the large-scale fading remain unchanged during the angle coherence time, we can
further reduce the DL and UL spectral efficiencies into closed forms as shown

in (8.3) and (8.4) at the top of the next page.
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8.1.2 Energy Efficiency

The total energy efficiency (bit/Joule) is defined as the sum throughput (bit/s)
divided by the total power consumption (Watt) in the network:

B- Zszl I{Rk

EE & 7
Ptotal

(8.5)

where Ry is the spectral efficiency (expressed in bit/s/Hz) for the kth user, B
is defined as the system bandwidth, P, is the total power consumption, x =
(1 — }), and 7 = K is length of pilot training sequence in samples, 7. is the angle
coherence interval in samples. Furthermore, we consider the power consumption

model defined in [33]

M M
Ptotal - Z Pm + Z th,my (86)
m=1 m=1

where P, is the power consumed at the mth AP which includes the amplifier
and the circuit power consumption and the power consumption of the transceiver
chains and the power consumed for signal processing, and Py, represents the
power consumed by the backhaul link that transfers data between the CPU and

the mth AP. The power consumption term P,, can be defined as

K
1 .
Pn=5,0% (NZ meku?) + NP, 87)

m k=1

where 0 < ¥, < 1 is the power amplifier efficiency, p? is the downlink SNR, o2
is the noise power, w,,;, is the angle based beamforming vector for the mth AP
and the kth user (defined in (7.39)), N is the number of antennas at the AP,
and Py, is the internal power required to operate the circuit components (e.g.,
converters, mixers, and filters) per antenna at the mth AP.

Moreover, the power consumption of the backhaul is proportional to the sum
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spectral efficiency and can be modeled as,

K
Ponim = Pon + B+ Y KRy - Poym, (88)

k=1

where Fp,, is defined as a fixed power consumption of each backhaul (traffic-
independent power) which may depend on the distances between the APs and
the CPU and the system topology, and P, is defined as the traffic-dependent

power (in Watt per bit/s).

8.2 Proposed Max-Min Power control

To obtain good system performance, the available power resources must be
efficiently managed. In this section, we propose a solution to the max-min
user-fairness problem in the proposed cell-free Massive MIMO system, where
the minimum rates of all users are maximized while satisfying a per-user power
constraint. We show that the FDD-based cell-free massive MIMO system can
provide uniformly good service to all users, regardless of their geographical location,
by adopting a max-min power/weight control strategy. The proposed power
control algorithm is done at the CPU, and importantly, is carried only at the
angle-coherence time-scale. Hence the impact of the signaling overhead is substantially
reduced. Moreover, we present a user centric AP selection approach to further

enhance the energy efficiency of the CF massive MIMO system.

8.2.1 Downlink Power Control

In the downlink, given realizations of the large-scale fading and the array

steering vectors, we find the power control coefficients v, m =1,..., M, k =
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1,..., K, that maximize the minimum of the downlink rates of all users, under
the power constraint (7.40). At the optimum point, all users attain the same

rate. Mathematically, this is formulated as:

max min R
{vmpa} k=1 K

K

subject to ”ﬁ;""d“—ﬂ’"‘l";lpgl,mzl,...,M
1 mk
Ymk,l 2 0, Vk, Vm, V. (89)

Then, using (8.3), we can reformulate (8.9) into a max-min SINR problem as

follows:

max min
{'Ymk:,l} k=1, K

M » A ~
Pd > om=1 HB:'nkA:'nkakHQ
K M =H AH = K 1
pd Zj;&k 2m=1 HBtlnkAt‘nkajHQerd 23:1 > m=1 Qm o3

K ~
Gy |
s.t. R TATE <1, Vm,
G
ka = A—k’Ymka Vk7 vm? and
G|
Ymk,l Z 07 Vk7 Vm, vi. (810)

One can note that (8.10) is a non-convex separable quadratically-constrained
quadratic program (QCQP) in terms of power allocation 4,,, for all k, m. Therefore,
this problem cannot be directly solved in an efficient manner using existing
convex optimization schemes. While the non-convex QCQP is NP-hard, it can be
relaxed into a convex semi-definite program (SDP) using semi-definite relaxation
(SDR) [141], in which the following property of a scalar is utilized: v, Q. =

tr(y . Qymr) = tr(QymiyH,), for any Q € CL*L. Therefore, by introducing
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a new variable T,z = 4, YH,, which is a rank-one symmetric positive semi-
definite (PSD) matrix, the quadratic constraints can be transformed into linear
constraints in the set of all real symmetric L x L matrices S*. Using SDP,

problem (8.10) can be equivalently reformulated as

max min
{Tmr} k=1, K

M = —_
pd Z7n:1 tr(:'mkk':glkkrmk)
K M = —_ K M
pd Z]‘;ﬁk D m=1 tr(nmkaﬁnkjrmj)+pd Zj:l Pomet Qm,ito3

tI‘ mkrmk)
s.t. Z HG <1, Vm,

mkH2

T, = 0, Yk, Vm,

rank (I',x) = 1, Vk, Vm, (8.11)

s H mj
where E,,;,; = B AmkHGmJH

Since the rank constraint of I',,; is non-convex, we relax it to obtain the

feasible SDP formulation of (8.11) as

max

s.t.

M = =H
Z 1tr(—'mkk'—'mkkrmk>

Pk S ltr<“mkj‘—‘7lj1kg mi )P e Tt Qg +od = H
(G G Tt
Z W <1,Ym,and T, = 0, Vk, Vm. (8.12)

The relaxed problem (8.12) is a convex SDP and can be solved by standard
convex optimization tools such as CVX [142]. Once the optimal variables f‘mk
(Vm, Vk) are obtained, we can find the rank-one approximations of T,z which

are feasible for the original problem (8.10) by applying eigen-value decomposition
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Algorithm 5 SDR-based Bisection Algorithm for Solving (8.12)
1: Initialization: Define the initial values pmax, ftmin that represent the range of
relevant values of the objective function in (8.12), and Choose a tolerance € > 0
2: Set: y = tmaxhimin
: Solve the following convex SDP feasibility program:

pd Z%:1 tr (Emkkaglkkrmk) >

K M - = K M
% (Pd Dtk 2ame1 T (='mkj=ankjrmj) S ADDED Delg O 07%) ; VK,

K tr G’,—{n Gm,k]:‘ln’bk
Zk:l W < ]., Vm7 and ka > O, Vk, Vm,

(8.13)
if problem (8.13) is feasible, then
set fimin =
else set max = U
end if
Stop if fmax — fmin < €. Otherwise, go to Step 2.
10: [Upk, Ving] = EVD (), Vk, Vm, where V. is the diagonal matrix of
eigenvalues, and Upy«z is a full matrix whose columns are the corresponding
eigenvectors (u).

11: Ypp = v/max (V) ul®* Vk, Vm, where u™** is the corresponding eigenvector to
the maximum eigenvalue in V.
12: end

(EVD) on T, and extracting the largest eigen-value and the corresponding
eigen-vector to construct 4,,,. Consequently, (8.12) can be solved efficiently via
a bisection search, in which each step involves solving a sequence of convex SDP
feasibility sub problems [143|. The proposed max-min power control algorithm

is summarized in Algorithm 5.

Complezity Analysis: Here, we provide the computational complexity analysis
for the proposed Algorithm 5, which uses iterative bisection search to solve the
convex optimization problem (8.12) at each iteration. The complexity of (8.12) is
O((MK)*L'/?) in each iteration [144]. Note that the total number of iterations to
solve the SDR Problem via a bisection search method is given by log(fma—fmin),
where € refers to a predetermined threshold [143]. Hence, the total complexity of

solving (8.12) is O((MK)!L1/2) log( tusZhiuin),
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8.2.2 Uplink Weight Control

Similarly in the uplink, given realizations of the large-scale fading and the
array steering vectors, we find the weight control coefficients v, m =1,..., M,
k=1,..., K, that maximize the minimum of the uplink rates of all users, under

the weight constraint. At the optimum point, all users attain the same rate. So,

max min R
{Ymra} k=1 K

subject to Z ”CH%’::[I’;H <1, m=1,...,M,

Ymk,l Z 0, Vk, Vm, Vi. (814)

Moreover, (8.14) can be solved following the same steps as shown in subsection

(8.2.1) in the DL case.

8.2.3 User-Centric (UC) AP Selection Method

Asnoted from the last term in (8.6) that represents the total power consumption
of the backhaul, cell-free massive MIMO systems require more backhaul connections
to transfer data between the APs and the CPU when compared to the co-located
massive MIMO. Moreover, the second term of (8.8) has a significant effect on
the energy efficiency, especially when M increases in (8.6). To improve the total
energy efficiency, we can further decrease the denominator of the energy efficiency

n (8.5). We present an AP selection for the user-centric case which can reduce
the backhaul power consumption, and hence, increase the energy efficiency. The
AP selection scheme is based on choosing for each user k a subset of APs My

that forms (6%) of the total channel power. For a particular user, there are many

122



APs which are located very far away. These APs will not impact the overall
spatial diversity gains. Hence, not all APs actually contribute in serving this

user. Furthermore, My is chosen based on the following:

My

A* B* 2
o D m | [Ami B2
where {||A7.B7||, -, ||A%B3kl|} represents the sorted (in descending order)
set of the set {||A1xBik||, -, ||AnmeBakl||}. Therefore, by applying the presented

AP selection scheme, each access point m serves a subset K,, of K users. Hence,
the power allocation schemes proposed in the preceding subsections will allocate
power v . = Ymi if k,m € K, My, respectively, and v, = Op«; otherwise.
Therefore, Algorithm 5 can be directly applied where T',,;. is replaced by 0./,
when m ¢ My, for k € IC,,,.

8.3 Experimental Simulation Results

In this section, we study the performance of the proposed multipath components
estimation compared to conventional schemes, and we provide numerical results
to quantitatively study the performance of FDD cell-free massive MIMO in terms
of downlink and uplink spectral efficiency for all the proposed beamforming and

combining techniques.

8.3.1 Experimental Setup and Parameters

The APs and the users are located within a square of 1 x 1 km?. The square
is wrapped around at the edges to avoid boundary effects. Furthermore, for

simplicity, random pilot assignment is used. With random pilot assignment, each
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Table 8.1: Simulation Parameters

Parameter Value
Cell radius (D) 1km
System Bandwidth (B) 100 MHz
Uplink/Downlink Frequencies 49.8/50 GHz
Uplink pilot training transmit power p 200 mW
Uplink transmit power p" 200 mW
Downlink transmit power pd 1000 mW
Power amplifier parameter 9 0.2
Internal power consumption/each backhaul, Py, Vm [33] 0.2W
Fixed power consumption/each backhaul, Py ,,Vm [33] 0.825 W
Traffic dependent backhaul power, Py ,,,Vm [33] 0.25 W/(Gbits/s)
User Centric threshold (9) 95%
Angle coherence interval (7.) 200 samples
Monte-Carlo Simulations 1000

user randomly chooses a pilot sequence from a predefined set of orthogonal pilot
sequences of length 7 = K. The large-scale fading coefficient 3,5 is modeled as

the product of path loss and shadow fading as in [116]:

10 IOglo(ﬁl,mk) =

P — 37.610g;o(Umk) + Zmrs — 1510gyo(u1), if Upp > ug;

P — 351ogo(Umk) + Zmk.1s if Uy < g

where w,,;, is the distance between the mth AP and kth user in kilometers, z,,5; ~
N(0,0?) is the shadow fading variable with o, = 8dB, u; = 0.05km and P =
—148 dB for line-of-sight (LOS) and P = —158dB for non-line-of-sight (NLOS)

propagation.

Moreover, for the AP selection schemes, we choose ¢ = 95%. The system

parameters used throughout the experimental simulations are summarized in

Table 8.1.
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RMSE(dB)

Theor RMSE(¢, L=1)
—#— DFT-based (¢, L=2)
—A— DFT-based (¢, L=3)
—ES— GD-based (¢, L=2)
—+—ESPRIT ¢, L=2)
-30 H—HB— MUSIC (¢, L=2)

— — Theor MSE(3, L=1)
---% -+ DFT-based (3, L=2)
35 - DFT-based (3, L=3)
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ESPRIT (3, L=2)
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Figure 8.1: RMSE performance of the multipath component estimation versus
SNR for N = 32 and T = 16 compared with the gradient-descent based

estimation and subspace-based estimation.

8.3.2 Results and Discussions

Performance of Multipath Component Estimation

In Fig. 8.1, the root mean-square error (RMSE) of the presented multipath
component estimation technique is evaluated for N = 32 and T = 16. We
compare the performance of the presented method with that of MUSIC and
ESPRIT algorithms, which are subspace-based multipath component estimation
techniques that depend on the correlation matrix of the received data [106,107]
and the gradient-descent-based algorithm [116]. The plots demonstrate that the
proposed DFT-based technique outperforms the conventional approaches in [106,
107] and [116]. Also, the normalized RMSE performance of the proposed large-
scale fading coefficient estimation outperforms that of conventional subspace-
based estimation [106, 107] and gradient-descent-based estimation [116]. The

large scale fading estimation in [106,107,116] cannot work well when number of
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samples (snapshots) 7" is small.
Moreover, it can be seen that the presented AoA estimation and the large-
scale fading estimation method performs slightly worse than that of theoretical

bound in (7.33) since the search grid is large enough (G = 100).

Performance of Spectral Efficiency

We compare the performance of the proposed angle-based beamforming and
combining schemes (A-MF/A-ZF and A-MMSE) for the FDD-based cell-free
massive MIMO with the conventional ideal beamforming and combining schemes
(MF/ZF and MMSE) in terms of spectral efficiency for the case of M = 10
APs with N = 32 antennas and K = 20 users. We consider the conventional
full-channel-based beamforming and combining schemes (MF/ZF and MMSE) as
benchmarks, but they are inapplicable in a realistic FDD cell-free massive MIMO
system since complete channel knowledge requires large amount of signaling
overhead and feedback.

For the downlink scenario in Fig. 8.2(a), and for the uplink scenario in Fig. 8.2(b),
the spectral efficiency of the proposed beamforming/combining schemes with
imperfect multipath component estimation is shown. As shown in the figures, the
A-MMSE beamforming/combining outperforms A-ZF and A-MF beamforming/
combining, due to their ability to suppress interference and noise. In addition,
at high SNR (low noise) the A-ZF matches A-MMSE in performance as both
of the schemes are able to suppress interference. Moreover at moderate to high
SNR values, A-MMSE, A-ZF, and A-MF lead to about 10 — 40% sum rate loss
compared to the conventional ideal beamforming/combining schemes (MF/ZF
and MMSE). However, with the proposed angle-based beamforming schemes, the

DL CSI signaling overhead is avoided.
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Finally, we evaluate the validity of our closed-form expression for the downlink
achievable rate for the proposed angle based beamformers given in (8.3) with
imperfect multipath component estimation. In Fig. 8.2(a), we show the accuracy
of the proposed closed form of the proposed angle based beamformers (8.3) with

the simulated form (8.16)

M N
P13 |y W |
logy | 1+ 5~ i H W (2 4 g2
P Z];ék Zm:l HhmkaJH + On

K

Rd:ZE

k=1

. (8.16)

Moreover, (8.16) represents the achievable rate for genie-aided users that know
the instantaneous channel gain [32].

In Fig. 8.2(b), we also validate the closed-form expression for the uplink
achievable rate for the proposed angle based combining given in (8.4) for imperfect

multipath component estimation with simulated form (8.17)

K

u M H 2
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where T, = 02 "M ||V, |

One can notice that the closed form achievable rate perfectly matches with
Monte Carlo simulated rates. This indicates that our derived expressions (8.3)
and (8.4) are valid performance predictors of the proposed FDD-based cell-free

massive MIMO system.

Effect of the Number of APs M for a Fixed Total Number of Service
Antennas (NM)

Furthermore, we examine the performance of the proposed FDD-based cell-

free massive MIMO system with different numbers of APs for the downlink case.
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For fair comparison, the total transmit power in the network is the same, and the
number of total service antennas is fixed, i.e. NM = 320. Figure 8.3(a) shows
the average spectral efficiency (k x ZkK R{ where k =1 — —, 7 = K corresponds
to the length of pilot training sequence in samples, and 7. corresponds to the
angle coherence interval in samples) as a function of the number of APs. We
are able to compare the spectral efficiency of cell-free massive MIMO and co-
located massive MIMO where the co-located massive MIMO corresponds to the
case M = 1. It can be seen that the spectral efficiency of the cell-free massive
MIMO (for M = 10 and N = 32) is better than that of the co-located massive
MIMO (M =1 and N = 320) due to spatial diversity gains. However, as the
number of APs increases while decreasing the number of antennas per AP, the
performance of the cell-free massive MIMO starts to decay. The main reasons for
this decay are: 1) for a particular user, there are many APs which are located
very far away. These APs will not add significantly to the overall spatial diversity
gains which implies that not all APs really participate in serving this user; and

2) angle-based beamforming performs better for higher number of antennas.

Effect of the Number of Antennas per AP

Finally, to support our findings in Fig. 8.3(a), we study the performance of
FDD-based cell-free massive MIMO system with different numbers of antennas
per AP for a fixed number of APs (M = 10) in Fig. 8.3(b). As the number of
antennas increases, the spectral efficiency increases due to the increased array
gain in addition to the applied angle-based beamforming. It can be seen that the

spectral efficiency saturates for NV > 32 as no further gains are attained.
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Performance of the Proposed Power /Weight Control on DL /UL Spectral
Efficiency

We compare the DL /UL spectral efficiency performance of the proposed angle-
based beamforming and combining schemes (A-ZF and A-MMSE) for the FDD-
based cell-free massive MIMO with equal power allocation, water-filling power
allocation and the proposed max-min power/weight control for the CF case (AP
selection is not applied) and the UC case (AP selection is applied). One can note
that the water-filling PC approach is based only on the angle and large-scale

fading parameters in which the allocated power is

Pk = max{ - <pt°t + > Ji(\lAkamkIIQ)_1> — on (|| A Bukl[*) ", 0},
kEKm

where p°t = KC,,p? is the total power, and K,, = K only if the UC AP selection
is not applied. Moreover, the water-filling PC approach is applicable in the
DL direction, since only the APs have the knowledge of the angle and large
scale fading parameters, whereas for the UL direction the users cannot have this

information due to the incurred high signaling overhead.

For the downlink scenario in Figs. 8.4(a) and 8.5(a), and for the uplink
scenario in Figs. 8.4(b) and 8.5(b), the spectral efficiency using the proposed
max-min power/weight control schemes is significantly enhanced compared to
the case of equal power control and water-filling power control, especially at
high SNR, values. In particular, as shown in Fig. 8.4(a), the DL sum-rate of
the proposed A-MMSE and A-ZF beamforming using max-min power control is
increased by 12%-38% compared to the equal power allocation case. While, in
Fig. 8.4(b), the UL sum rate of the proposed A-MMSE and A-ZF combining

using max-min weight, control is increased by 10%-25% due to the fact that the
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downlink uses more power (since p > p") and has more power control coefficients
to choose than the uplink does, hence the DL performance is better than the UL
performance. Moreover, as shown in Figs. 8.4, and 8.5, the UC approach has
better performance than that of the CF case since the UEs obtain very noisy
signals from the far APs, and not all APs actually participate in serving the
users.

In addition, the cumulative distribution function (CDF) curve for the proposed
max-min power control scheme is plotted in Fig. 8.6(a), and compared with the
equal PC and the water-filling PC schemes at SNR= 10dB. As expected, the
max-min PC scheme was able to outperform the rest of the PC schemes and

improve the system fairness for both cases CF and UC, respectively.

Energy Efficiency versus Number of APs M and a Fixed Total Number
of Service Antennas (NM)

Figure 8.6(b) examines the energy efficiency (8.5) as a function of the number
of AP for a fixed total number of service antennas, when the number of AP
increases, the number of antennas per AP decreases. As shown, the energy effi-
ciency while applying the proposed max-min power control significantly outperforms
that of equal power control by 40%-50%, especially when the UC AP selection
scheme is applied. Furthermore, we are able to compare the energy efficiency
of cell-free massive MIMO and co-located massive MIMO where the co-located
massive MIMO corresponds to the case M = 1. It can be seen that the energy
efficiency of the cell-free massive MIMO (for M = 10 and N = 32) is better
than that of the co-located massive MIMO (M = 1 and N = 320) due to spatial
diversity gains, and better spectral efficiency as shown in Fig. 8.3(a). Moreover,

the number of APs will affect the level of backhaul power consumption; therefore,
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as the number of APs increases while decreasing the number of antennas per
AP, the performance of the cell-free massive MIMO starts to decay due to the

increased backhaul power consumption as shown in (8.8).

Multi-antenna Users extension

In this subsection, we finally study the effect of having multi-antenna users on
the proposed FDD cell-free massive MIMO system where each user is equipped

with N’ antennas. First, the updated channel model is given by

1
Huow = | LA BA(AT)" (3.19)

where ARL = [a(¢F),...,a(¢2")], By =diag(v/Bi,...,vBL), (Aa)rxr =
diag(ov, ..., ar),and AYE | =[a(¢]F), ..., a(¢Y")]. Moreover, the DL spectral
efficiency per user is given by

/sxlfid:<1—l>><

Te

K
dzlw H‘A’H HH W, H2
E |log, (1 4 e mmat W mekmk W mk 8.19
; 8o (L ST S R B g0 ) | (8.19)

where V,,«, corresponds to the combining vector at the multi-antenna kth user
that is based on the estimated AoA of the user from the strongest AP m*.
Moreover, the combining vector v,,- follows the same definition as the combining
vector defined in Section 7.3.2 eq. (7.45), but in this case C,,,» = AUE ((A%@)HAHJ?> 71,
and the beamforming vector w,,;, follows the same definition as the A-ZF combin-
ing vector defined in Section 7.3.1. The strongest AP m* is the AP that has
the best channel quality with kth user. One can note that only the m*th AP

will need to feed back the combining vector v,,«; to the kth user; hence, no
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extensive signaling overhead is needed from all the APs to feed back the estimated
multipath components to the kth user. Finally, note that 7 = KN’ depends on
the number of users K and scales linearly with the number of antennas at the
users N'. Therefore, the factor (1 — ) is an important limiting factor when
determining the achievable rates for multi-antenna users.

In Fig. 8.7, the performance of the simulated DL spectral efficiency is studied
assuming that RMSEd)AP = RMSE¢0E = RMSEB = —18dB. As shown, the DL
spectral efficiency first increases when the number of antennas per user increases.
However, this spectral efficiency will reach a peak value and then decrease when
the number of antennas per user increases. This is due to the fact that although
the spatial diversity per user increases, the multipath channel estimation overhead
(the training duration relative to the angle coherence interval) also increases. This

channel estimation overhead becomes dominant when N’ and K are large.

8.4 Conclusion

In this work, an FDD-based cell-free massive MIMO system that directly
acquires multipath components from the uplink pilot signal and processes them
for AP cooperation has been considered. It has been shown that an FDD-based
cell-free massive MIMO system is a viable alternative compared to a TDD-based
system in which angle reciprocity can be exploited to avoid DL CSI feedback and
overhead. A low complexity multipath component (AoA and large-scale fading)
estimation technique based on DFT operation, along with angle rotation with
very small amount of training overhead and feedback cost, has been presented.
To evaluate the benefits of the proposed methods, theoretical bounds on the

MSE have been derived and validated. In addition, angle-based beamformers
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and combiners, which incur CSI overhead that scales only with the number
of served users rather than the total number of serving antennas, have been
proposed. Finally, a new max-min power/weight control algorithm and associated
AP selection scheme that significantly improve the downlink and uplink sum-rate
and energy efficiency compared to equal-power allocation and water-filling power
control have been proposed.

The spectral efficiency of the presented FDD-based cell-free massive MIMO
system has been shown to outperform that of cell-based systems for an adequate
number of antennas at the APs and a small number of APs. Furthermore, when
the number of active users in the system is small, the spectral efficiency also

improves upon equipping the users with an adequate number of antennas.
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Figure 8.2: Spectral efficiency of the proposed beamforming schemes versus SNR
for M = 10 APs with N = 32 antennas and K = 20 users under imperfect
channel estimation: (a) for DL, and (bf?)gL.
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Figure 8.4: Spectral efficiency of the proposed combining schemes with equal
power control, water-filling power control and the proposed max-min power
control versus SNR for M = 10 APs, and K = 20 users for the Cell-Free (CF)
massive MIMO (AP selection is not applied): (a) DL and (b) UL.

136



160

T I I

-------- A-MMSE with equal power alloc.

% A-ZF with equal power alloc.

140 - | === A-MMSE with water-filling power alloc.

—A- A-ZF with water-filling power alloc.
~ —— A-MMSE with proposed Max-Min power alloc.
E 120 | | —7— A-ZF with proposed Max-Min power alloc.
3
Q
2
=100 |
2
)
2 sof |
Q@
L2
=
T 60| |
I
=
© 40| |
o
n

20 |
0 ‘ ‘ | ‘
-10 5 0 5 10 15 20 25
SNR(dB)
(a)
140 F | A-MMSE with equal power alloc.

-~ % A-ZF with equal power alloc.
—+— A-MMSE with proposed Max-Min power alloc.
—v— A-ZF with proposed Max-Min power alloc.

=

N

o
T

Juny

o

o
T

[o2]
o
T

spectral efficiency (bit/sec/Hz)
N [ee]
o o

N
o

-10 -5 0 5 10 15 20 25
SNR(dB)

(b)
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Chapter 9

Conclusions and Future Work

9.1 Conclusions

The performance of network densification technologies in cellular commun-
ications greatly depends on efficient interference mitigation schemes to improve
the capacity and spectral efficiency. This dissertation has considered interfer-
ence mitigation schemes for emerging network densification technologies in 5G
communications by proposing and analyzing: 1) channel allocation and power
control schemes for D2D and NOMA MIMO systems, 2) baseband processing
schemes for quantized massive MIMO systems, 4) angle domain processing technig-
ues for FDD-based cell-free massive MIMO systems, and 5) efficient power control
schemes for cell-free massive MIMO while considering the effect of backhaul power
consumption.

In the proposed underlaid D2D cellular systems, stochastic geometry has been
used to derive closed-form analytical expressions for the coverage probabilities

and ergodic sum-rates. These closed form expressions have provided insight into
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how the key network parameters such as power allocation, D2D link density,
SINR targets affect link performance and quality. It is shown that a channel
allocation scheme that allows D2D links to share resources with more than
just one cellular user has merit. New power control schemes targeted for D2D
link establishment and link maintenance have been shown to adequately control
interference levels under various static and dynamic conditions, using distance-
based path-loss parameters (with error margin), varying target SINR, and local
CSI. It has been shown through experimental simulations that network perform-
ance in terms of coverage probability and spectral efficiency is improved by
activating more underlaid D2D links while maintaining the quality of cellular

links, and at the same time enhancing power efficiency.

In the proposed large MIMO-NOMA system, a low complexity joint clustering
and power control scheme has been proposed, that exploits the distance-based
path-loss parameter, to guarantee efficient SIC demodulation. An architectural
design has been presented, by using the detectors of lower complexity as building
blocks in their more complex extensions, and the proposed schemes have been

shown to achieve significant computational savings.

Furthermore, using the Bussgang decomposition, a new MMSE-based linear
detection scheme that incorporates the non-linear effects of quantization has been
proposed. A closed form expression for the uplink achievable rate has been
derived, and used to analyze and compare the performance of a quantized massive
MIMO system against both a large MIMO system that employs higher-order
modulation. In particular, it has been shown that for a few bits of quantization
(e.g., 2 or 3 bits), the quantized massive MIMO for the uplink and downlink cases

can outperform the conventional MIMO.

And finally, it has been shown that an FDD-based cell-free massive MIMO
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system is a viable alternative compared to a TDD-based system in which angle
reciprocity can be exploited to avoid DL CSI feedback and overhead. A low comp-
lexity multipath component (AoA and large-scale fading) estimation technique
based on DF'T operation, along with angle rotation with very small amount of
training overhead and feedback cost, has been presented. To evaluate the benefits
of the proposed methods, theoretical bounds on the MSE have been derived and
validated. In addition, angle-based beamformers and combiners, which incur
CSI overhead that scales only with the number of served users rather than the
total number of serving antennas, have been proposed. Moreover, a new max-
min power/weight control algorithm and associated AP selection scheme that
significantly improve the downlink and uplink sum-rate and energy efficiency
compared to equal-power allocation and water-filling power control have been
proposed. The spectral efficiency of the presented FDD-based cell-free massive
MIMO system has been shown to outperform that of cell-based systems for an

adequate number of antennas at the APs and a small number of APs.

9.2 Open Research Directions and Future work

Network infrastructure densification has been proposed as one of the leading
concepts to cope with the growing traffic trends. And, cell-free massive MIMO is
a relatively new topic where plenty of directions can be exploited for future work.

There is an endless road of possible improvements and extensions to the
results of this dissertation. Deep learning approaches and data-driven algorithm
approximation have recently received much attention as key enablers for future
wireless networks such as 5G and beyond [145-148|. Signal processing and

numerical optimization techniques have been heavily used in addressing wireless
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resource management problems such as resource allocation and channel estimation.
However, optimization algorithms often require considerable computational comp-
lexity and processing overhead, which creates a critical gap between theore-
tical design/analysis and real-time processing requirements. To overcome these
challenges, new learning-based approaches, in the context of channel estimation
and resource allocation, need to be studied. The central idea is to treat the input
and output of a channel estimation/resource allocation algorithm as an unknown
non-linear mapping and use a deep neural network (DNN) to approximate it.
Moreover, the deep neural network is trained offline in a time that is fully
affordable. Several extensions for future work have been conceived in the process

of writing this dissertation:

e Explore deep learning based super-resolution direction of arrivals (DoA)
estimation methods in cell-free massive MIMO with low resolution ADCs.
A custom-designed DNN can be employed to carry out offline learning and
online deployment procedures. This data-driven approximation mechanism
can learn the features of the wireless channel efficiently. Our previously
proposed channel multipath components estimation algorithm [50,51] can
be used during the training stage to find the optimal training data sets for
the considered channel-angle estimation problem. This training procedure
can be done under offline setups wherein high complexity algorithms are
affordable to train the network. Once the neural network is trained, fewer
operations are left to be executed online, i.e., only a few operations need to
be repeated sporadically when the system channel realizations vary. This
is different from the conventional online channel estimation methods based
on the traditional use of optimization theory, which need to be updated

every time one or more system channel realizations have changed.
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e Investigate deep-learning-based power control approaches for quantized cell-
free massive MIMO system. Power control algorithms are needed to conserve
energy consumption and to allow scalable implementation in cell-free massive
MIMO system [51,137|. Therefore, deep-learning based power control
schemes suitable for interference mitigation shall be studied. Compared
with co-located massive MIMO systems, cell-free massive MIMO systems
require more backhaul connections to transfer the data between the APs and
the CPU. Therefore, the total energy efficiency of the considered cell free
massive MIMO system should be studied taking into account the hardware
power consumption at the APs and the power consumption of the backhaul
links. One can build on our previously proposed optimization-based power
control scheme to generate the training data set and perform the offline
training of the neural network. The reduced complexity of our proposed
semi-definite programming based power control algorithm makes it practical

to generate offline large training sets with optimal power allocations.

e Explore beamforming/combining schemes while considering deep learning-
based quantized cell-free massive MIMO system. Cell-free massive MIMO
systems exhibit remarkably superior achievable rates compared with centra-
lized massive MIMO and conventional small cell systems, especially when
the appropriate power control strategy is applied [50,51,136,137|. However,
most prior work on distributed MIMO systems equip all nodes with high
resolution antennas, which incurs significant costs for distributed cell-free
massive MIMO systems, since the hardware cost grows significantly with
the quantization bits and sampling rate [106,107]. To mitigate the hardware
cost overhead, the use of low-resolution ADCs is an attractive solution to

save both the expenditure and energy at antennas [107-113,115].
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Furthermore, angle-based beamforming and combining schemes shall be
studied that incorporate the severity of coarse quantization on cell-free
massive MIMO systems. In particular, once the effect of low resolution
ADCs is taken into consideration during deep learning-based multipath
channel estimation, one can further investigate distributed quantized beam-
forming/combining schemes and explore performance-complexity tradeoffs.
Furthermore, the system performance shall be analyzed by studying the

achievable rate.
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Appendix A

Proofs

A.1 Proof of Lemma 1

For the case of two cellular users, we have using (3.8):

T

= j\ 2Rc =
POk = 1] =Pldr.os > doos) = / fxy (@, y)de dy = /0 /0 fr )y fx(2)de

(z,y;2>y)
we o (A1)
/ / (cos 2Rc)_7r1y%c”1 4R2>dy fx (@)dz
A(z)
To solve (A.1), integral A(z) can be directly computed as follows
z? -1 T z?
A(.T)Zl—i—%(R—%—l) COS <2R ) 7TRC <1+ﬁ> 1-&
Now using this expression for A(z), we solve (A.1)
2Re —1 2 ]_
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0
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For the general case of M cellular users, we have:

M
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A.2 Proof of Proposition 1

Using (3.5), the cellular coverage probability is given by
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For the proposed channel allocation scheme, the Laplace transform Lq¢/(s) is given

as

Las(s) 2 B[ Fucw hanPiyion) | - o~ sy Eler [ HQu=1As

where s = Bodg,., py . The result follows. Furthermore, it turns out that the
Laplace transform is easier than determining the distribution functions, and it

completely characterizes the distribution of PPP [68,70].

A.2.1 Proof of Proposition 2

We first need to derive the expectation of the interference term from other
D2D users. Using Slivnyak’s theorem [70| and considering the proposed channel

allocation scheme, the reduced PPP excluding the kth point (®'\ x)) remains
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the same as the original PPP ®'. Hence,

7P[Qr=1]A

- /o e
£¢”\{wk}(5> —F e—szxiedﬂ\{xk}Pilhk,i|2H$i|| “’k c (I)/] = Lo(s) = e—WIE[pz ]52/ .

Therefore, the coverage probability of the D2D links is given by

Brdi i hie, |?
P(SINRy > f) =P | [ pl? > 227k p\\‘wﬁi Po\dak, e
} 7

k,cm

2, €D\ {xy,

E [e—m,:ld;:,k(zxieq,/\{xk}pimk,ilQHzin—%po\hk,cm|2d,;‘jm+02)]

— ]E [e—Ugﬁplzldg,kﬁqy (ﬁkp;ldz,k) £Y (ﬁkp;;ldz,k)] )

where Z = d o', Y = |hie, |2di S po, and Ly (BpZ) = By le™ 2]

A.3 Proof of Corollary 1

For simplicity, we derive the expressions for dj.,. The same approach can be

used for dj .,. Weset D., = dj, as the distance from any kth D2D transmitter to

the cellular UE ¢; such that di ., > dj,; in other words, D., = dj a1 l{dk,clzdk,cz}7

where 1 is the indicator function.

Let X = djc,, Xo = dj, with pdfs fx, (x) and fx,(y) as given in (3.8). Wi
can then express the pdf of D., as follows:

“7nRc

2y (2 iy y y?
T T fxp|x, (@ly)P[X12y] 57| = cos ( ) \/;
_ Fxq1x0 @ WPIX1 2>y fxo (y) 5 tee Rg <7f 2Rc 4R
I, (@) = /0 Rsx . W= /0

Fl{dr oy =i cy) dy
P{dk,c; >dk,cy] \ RS\ 2Rc TRc 4R2,
2 z2 -1 T T x? z?
X <1+;<R—%—1> COS (m)_ﬂRC (1‘{‘%) 1—m)
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The nth moment of X; is obtained by computing f02RC z" fp,, (x), from which we

deduce that E [d,,| ~ 22E¢.

Remark: When no resource allocation is applied so that all active D2D users
share resources with one CUE, the first moment of the distance between two

uniformly distributed points is E [dy ., ] = 128 R¢/(457) [118].

A.4 Proof of Theorem 1

To calculate E [pﬂ =E [min(U%dik,V%d%’k)], we let A = U%di’k and

B = V%dak. Using the Jacobian transformation [149], we have fa(a) = R21U;7
D «
_ 1 _
Fy(a) = R2U27 fB(b) = P and Fp(b) = R'év%' Then,

E [pé] :/Oo /Oo min(a, b) fa(a) f5(b)da db

:/afA (/ (b db)da+/be (/ fala da>

= / afa(a) (1 — Fg(a))da —|—/ bfp(b) (1 — Fa(b)) db

= [Canst@aa+ ["saas— ([ Ceps@rs@aiat [~ sraraomn)

= E[A] + E[B] — E[max(A4, B)].

A.5 Proof of Lemma 2

Let A and B be two random variables with pdfs fa(a) and fp(b), and cdfs
Fa(a) and Fpg(b), respectively. Then,

Emax(A, B)] / / max(a, b) fa(a) f5(b)da db
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= [Tots ([ o) aa s [ ooty ([ pawaa) a

from which the result follows.

A.6 Proof of Corollary 2

To calculate E[max(A, B)|, we consider two cases.

Case 1: If RAU?* £ o' >/ & RLV?/®, Then, applying (4.15), we have

E[max(A, B)] :/OafA(a)FB(a)da—F/b/aafA(a) X 1da—|—/obf3(b)FA(b)db

b/2 a/2 _ b/2 b/2 b/2 (l/
30 20 3¢ 6a 2
REVY™  RRU®

T eR T T 2

Case 2: If ' <V, then following the same approach, we obtain

12

a? Y RYUY  REVEe
E[max(A, B)] = o + 3= GRLV 2 5

A similar expression for E[min(A, B)] can be easily derived by applying Theorem 1.
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Appendix B

Abbreviations

1G
2D-DFT
3GPP
4G

5G
A-MF
A-MMSE
A-ZF
ADC
AoA
AoD

AP
BER

BS

CA

First generation

Two dimensional discrete Fourier transform
Third Generation Partnership Project
Fourth generation

Fifth generation

A-MF Angle based Matched Filter
Angle-Based MMSE Beamforming
Angle-Based Zero-Forcing Beamforming
Analog-to-digital converter

Angle of Arrival

Angle of Departure

Access points

Bit error rate

Base station

Channel allocation
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CD
CDF
CF
CLPC
CPU
CSI
CUE
D2D
DAC
DFT
DL
DNN
DoA
DPPC
EDPPC
eNB
ESPRIT
FDD
FFT
GAD
HetNet
ICT
JDCP
LORD
LOS
LR

Chase detector

Commulative distribution function

Cell-free

Closed loop PC

Central processing unit

Channel state information

Cellular User Equipment

Device-to-device

Digital-to-analog converter

Discrete Fourier transform

Downlink

Deep neural network

direction of arrivals

Distance-based Path-loss Power Control
Extended Distance-based Path-loss Power Control
E-Node B

Estimation of signal parameters via rotational invariance technique
Frequency-division duplexing

Fast Fourier transform
Geographical area description

Heterogeneous Network

Inter-cell interference

Joint distance-based path-loss clustering and power control scheme
Layered orthogonal lattice detector

Line-of-sight

Lattice reduction
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LTE Long Term Evolution

MIMO  Multiple-input and multiple-output
ML Maximum likelihood

MMSE  Minimum mean square error
mmWave Millimeter wave

MRC Maximal ratio combining

MSE Mean Square Error

MUSIC  Multiple signal classification

NC Nulling-and-cancellation

NLOS Non-line-of-sight

NOMA  Non-orthogonal multiple access
OLPC Open loop PC

OMA Orthogonal multiple access

PC Power control

PCD Punctured CD

PNC Punctured NC

PPP Poison point process

PRB Physical resource block

PSBCH Physical Sidelink Broadcast Channel
PSCCH Physical Sidelink Control Channel
PSD Positive semidefinite

QCQP  Quadratically-constrained quadratic program
QoS Quality of service

QRD QR decomposition

RF Radio-frequency

RMSE  Root mean-square error
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RSRP Reference signal received power

RX Receiver
SD Sphere decoders
SD Superposition coding

SDDPC  Soft Dropping Distance-based Power Control

SDP Semi-definite program

SDR Semi-definite relaxation

SIC Successive interference cancellation
SINR Signal-tointerference-plus-noise ratio
SNR Signal-to-noise ratio

SSD Subspace detector

SVD Singular value decomposition

TDD Time-division duplex

TTI Transmission time interval
X Transmitter

ucC User-Centric

UE User Equipment

UL Uplink

ULA Uniform linear array

WRD WR decomposition

ZF Zero forcing
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Appendix C

Notations

Expectation of an event

Probability of an event

Laplace transform of a variable X

Coverage probability of link L

Cumulative distribution function (cdf) of variable X
Probability density function (pdf) of variable X
Scalar

Vector

Matrix

Scalar norms

Vector Ly norm

Frobenius norms

Transpose of a vector or matrix

Complex conjugate

Hermitian
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Orthogonal projection matrix

Trace of a matrix

Pseudo-inverse (XHX)-1XH

X is a positive semi-definite matrix

1th element of a vector x

(i, 7)th element is given by X

Circularly-symmetric complex Gaussian distribution with zero mean and variance o>
Diagonal of a matrix X.

The set of complex-valued N x M matrices

Means that a statement holds for all x (in the set that x belongs to)
Real part of a complex scalar

Imaginary part of a complex scalar
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