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Abstract

The main topic of this thesis is based on multiple-input multiple-output (MIMO) wireless com-
munications, which is a novel technology that has attracted great interest in the last twenty
years. Conventional MIMO systems using up to eight antennas play a vital role in the urban
cellular network, where the deployment of multiple antennas have significantly enhanced the
throughput without taking extra spectrum or power resources. The massive MIMO systems
“scales” up the benefits that offered by the conventional MIMO systems. Using sixty four or
more antennas at the BS not only improves the spectrum efficiency significantly, but also pro-
vides additional link robustness. It is considered as a key technology in the fifth generation
of mobile communication technology standards network, and the design of new algorithms for
these two systems is the basis of the research in this thesis.

Firstly, at the receiver side of the conventional MIMO systems, a general framework of bit er-
ror rate (BER) approximation for the detection algorithms is proposed, which aims to support
an adaptive modulation scheme. The main idea is to utilize a simplified BER approxima-
tion scheme, which is based on the union bound of the maximum-likelihood detector (MLD),
whereby the bit error rate (BER) performance of the detector for the varying channel quali-
ties can be efficiently predicted. The K-best detector is utilized in the thesis because its quasi-
MLD performance and the parallel computational structure. The simulation results have clearly
shown the adaptive K-best algorithm, by applying the simplified approximation method, has
much reduced computational complexity while still maintaining a promising BER performance.

Secondly, in terms of the uplink channel estimation for the massive MIMO systems with
the time-division-duplex operation, the performance of the Grassmannian line packing (GLP)
based uplink pilot codebook design is investigated. It aims to eliminate the pilot contamina-
tion effect in order to increase the downlink achievable rate. In the case of a limited channel
coherence interval, the uplink codebook design can be treated as a line packing problem in a
Grassmannian manifold. The closed-form analytical expressions of downlink achievable rate
for both the single-cell and multi-cell systems are proposed, which are intended for performance
analysis and optimization. The numerical results validate the proposed analytical expressions
and the rate gains by using the GLP-based uplink codebook design.

Finally, the study is extended to the energy efficiency (EE) of the massive MIMO system, as
the reduction carbon emissions from the information and communication technology is a long-
term target for the researchers. An effective framework of maximizing the EE for the massive
MIMO systems is proposed in this thesis. The optimization starts from the maximization of
the minimum user rate, which is aiming to increase the quality-of-service and provide a feasi-
ble constraint for the EE maximization problem. Secondly, the EE problem is a non-concave
problem and can not be solved directly, so the combination of fractional programming and the
successive concave approximation based algorithm are proposed to find a good suboptimal so-
Iution. It has been shown that the proposed optimization algorithm provides a significant EE
improvement compared to a baseline case.
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Chapter 1
Introduction

This thesis will concentrate on the system design and performance analysis in both conventional
multiple-input multiple-output (MIMO) and massive MIMO systems, along with the energy
efficiency optimizations. The first chapter will provide an overview of the thesis, which will
start in Section 1.1 with the motivation and origin of the work. It will be followed in Section
1.2 by an account of various contributions to the thesis. Finally, Section 1.3 will present an

overview of the organizational content.

1.1 Motivation

The demand for data traffic in the recent decades has increased enormously because of the
widespread use of smart devices. According to the report in [3], the global mobile data traffic
has increased 4000 times between 2006 and 2016. By 2015, an incredible 563 million mobile
connections were recorded, while mobile entertainment, such as video streaming, which re-
quires huge amounts of data traffic, had become extremely popular. Consequently, the wireless

communication industry has come to play a vital role in the fundamental operation of a society.

Moreover, the future demand for data traffic is set to grow exponentially, since the report in
[3] also pointed out that the monthly traffic by year 2021 will have increased six times from its
recorded 2016 level due to current and future demands from the mobile entertainment industry
because of emerging innovative techniques, such as Virtual Reality (VR), Augmented Reality
(AR) and the Internet of Things (IoT) [4] which are likely to be very much more widespread
within the next five to ten years. Consequently, all these new applications will be based on
platforms and services that will require ever faster connection speeds in order to provide more

efficient coverage.

Clearly, such developmental demands on the wireless communication technology industry will
need to meet the growing public demand. In order to achieve this, the fourth generation of
mobile phone mobile communication technology standards networks (4G) becomes more so-

phisticated and by 2015 [3] they had already gone way beyond the third generation of mobile
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phone mobile communication technology standards networks (3G) to such an extent that by
2021, it has been predicted that over 79% of mobile data traffic will be provided by the 4G
networks. However, there is an expectation that current technology will soon be pushed to
its limits; hence, with the aim of meeting such massive future demands for the IoT, enhanced
broadband and critical communications [5], great efforts by both academia and the industry to
research of the fifth generation of mobile phone mobile communication technology standards
network (5G), therefore there is considerable optimism in both quarters regarding the proto-
types that have been developed by various companies to date [6]; consequently, the standards

that will be required from the 5G network by 2021 is confidently being predicted.

In terms of the 5G network, it is expected to provide the service for a massive number of devices
and a wide range of applications with very high data rate, very low latency and energy-efficient
network [7]. Firstly, according to the technical report in [7], the data rate is expected to reach
10Gbps for better propagation environment, such as the case of indoor or dense outdoor; the
data rate is expected to reach 100Mbps in urban or suburban area and it is expected to reach
10Mbps almost everywhere. Secondly, in terms of the low latency requirement, it is required
by the upcoming applications, such as smart vehicles. Thirdly, the energy-efficiency of the
5G network is required from both economic and environment perspective, where the network

operator needs to concern about the operation costs and the CO4 emissions.

The 4G multiple-input multiple-output (MIMO), which is wireless communication technology
that produce those vital extra gains required for enhanced transmission [8], employed multiple
antennas at both the transmitter and receiver devices. Compared with the traditional single-
input single-output (SISO) systems, the deployment of multiple antennas offered extra diversity
gain in order to combat wireless channel fading. Additionally, the MIMO systems offer spatial
multiplexing gain whereby, if a greater number of antennas are deployed, the system capacity
increases linearly without it requiring extra system bandwidth and power consumption. Due
to such benefits, the MIMO technology has become an essential technology to meet wireless

communication systems demands.

However, alongside the benefits from the deployment of multiple antennas, challenges also
arise, especially at the receiver side since the computational complexity for detecting the trans-
mitted signals increases exponentially with the numbers of antennas and modulation schemes.
However, while some detection algorithms, such as the Maximum likelihood detector (MLD),

guarantee performance, this comes at the cost of extremely high complexity [9]. On the other
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hand, linear detectors - e.g. zero-forcing (ZF) or minimum mean square error (MMSE) - are
straightforward to be implemented in MIMO systems, but give limited performance [10]. How-
ever, the K-best detector utilizes tree-search, which simplified the detection process and mean-
while have a promising bit error rate (BER) performance [11]. Hence, in terms of the algo-
rithm regarding balancing the computational complexity and the BER, the K-best detector is a

favourable option [12].

The combination of the K-best algorithm and adaptive modulation and coding scheme is an
interesting topic, but did not attract attention from researchers. The main reason is the com-
plexity of predicting the performance in different channel conditions. Adaptive modulation and
coding is an effective scheme for improving spectrum efficiency with given a BER constraint
[13]. Based on the channel condition, such schemes are selected to meet this constraint. One
challenge is the difficulty of received signal-to-noise ratio (SINR) calculation for the K-best
detection algorithm, which makes it difficult to predict the BER performance for the given
channel condition. Additionally, because of the limited length of coherence interval, perfor-
mance prediction needs to be simplified. Motivated by the superior BER performance of the
K-best detector and the enhancement of spectrum efficiency in the adaptive modulation and

coding scheme, this thesis will investigate the feasibility of combining these two method.

In recently years, antenna technology has been critical to the development of massive MIMO
systems for use in the 5G networks [14,15]. Unlike in the 4G MIMO systems, in the 5G
networks, in order to serve tens of single antenna user equipments (UEs), a large number of
antennas are intending to be deployed at the base station (BS) [16]. Consequently. the diversity
and spatial multiplexing gains that offered by MIMO systems can be scaled up considerably,
enabling them to achieve much higher spectrum efficiency. Moreover, because the linear de-
tectors are able to achieve excellent performance, the problem of the design complexity at the

receiver side has been greatly reduced.

However, the larger number of BS antennas has also increased pilot contamination, which
is considered to be a particular performance limiting issue for the massive MIMO systems
with time-division-duplex (TDD) operation, since the reduced length of the coherence inter-
vals makes it impossible for an orthogonal pilot sequence for uplink training to be assigned to
each UE [17]. As a result, the reuse of orthogonal pilot sequences becomes a common scheme
for eliminating the effect of pilot contamination. Motivated by the deduction of system per-

formance from pilot contamination, an investigation on the design of uplink pilot sequences
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codebook other than pilot reuse scheme will be presented in this thesis.

Besides meeting the higher data rate and better coverage targets, the power consumption in cel-
lular networks has attracted much pubic attention [18, 19]. Also, the reduction of CO; has been
listed as a long-term target, not only for the cellular networks suppliers, but also for the other
related information and communication technology (ICT) industries [20-22]. In accordance
with the prediction in [23], the ICT industry, which was responsible for 2% of the global car-
bon footprint in 2007, will be responsible for its increase to 2.7% by 2021; more than 50% of
the power consumption that creates this comes from BSs [24]. Consequently, motivated by re-
ducing the power consumption while achieving high energy efficiency, this thesis will propose

the establishment of an optimization based power allocation scheme.

1.2 Objectives and contributions

1.2.1 Objectives

The objective of this thesis has been to study the performance improvement of both the con-
ventional MIMO and massive MIMO systems. On the one hand, it has set out to evaluate the
performance of conventional MIMO systems with the K-best detector at receiver and adaptive
modulation scheme to enhance the throughput. On the other hand, it has aimed to study the
downlink achievable sum rate of multi-cell massive MIMO system with TDD operation, which
utilizes the Grassmannian line packing based uplink training codebook design. This thesis has
further aimed to maximize the energy efficiency of massive MIMO system by utilizing the

proposed optimization framework.

1.2.2 Key contributions

The key contributions to this thesis will be:

1. The K-best detector with an adaptive modulation scheme is proposed for conventional
MIMO systems. To predict the BER performance of the K-best detector in different
channel conditions, a simplified BER estimation method based on the union bound (UB)
of MLD is proposed. However, only the closest error events are considered in the esti-
mation, which has significantly reduces the estimation accuracy. A look-up-table (LUT)

has generated for improving the estimation accuracy with different K values.

4
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2. Closed-form analytical expressions of downlink achievable sum rates are proposed for
both single-cell and multi-cell massive MIMO systems with TDD operation. The propo-
sitions clearly demonstrate how the system performances are influenced by pilot contam-
ination and the number of BS antennas. Furthermore, this thesis proposes a closed-form
analytical expression of downlink achievable sum rate with the pilot reuse scheme has
been proposed. This clearly reveals how the downlink rate is affected by the selected
reuse factor. Comparisons have been made between the Grassmannian line packing based
pilot codebook design and the pilot reuse scheme. If the pilot length is less than the total
number of UEs, the Grassmannian line packing based pilot codebook design outperforms
the pilot reuse scheme. The numerical results have validated the propositions and the gain

of downlink achievable rate.

3. A general framework of energy efficiency maximization is proposed. The optimization
algorithm starts with a minimum UE rate maximization, which aims to provide a fea-
sible constraint for solving the energy efficiency problem. The combination of frac-
tional programming and sequential concave approximation (SCA) algorithm are utilized
in the proposition, where the local optimal solution can be sequentially calculated with
polynomial-time complexity. The numerical results have validated the improvement of
the minimum UE rate and the energy efficiency, together with the convergence of the

algorithm.

1.3 The Organization of the Thesis

The remainder of this thesis will be organized as follows.

Chapter 2

The Chapter 2 will describe the general background knowledge and principles related to the
thesis by, (i) presenting a review of the fading in wireless channels, (ii) describing the conven-
tional MIMO systems, including diversity and spatial multiplexing gain, channel capacity and
commonly utilized receiver-side detectors, (iii) giving a brief introduction to multi-UE MIMO
systems, during which different multiple access schemes will be mentioned, (iv) describing the
massive MIMO systems, and (v) introducing and comparing the TDD and frequency-division-

duplex (FDD) operations.

Chapter 3
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This chapter will propose the K-best detector with adaptive modulation scheme and the per-
formance analysis by, (i) presenting a brief literature review on the development of detection
algorithm and research of adaptive modulation and coding, (ii) describing the system model of
the conventional MIMO systems, (iii) introducing the tree structure search, which is considered
to be the key mechanism behind the K-best detector, (iv) offering a detailed explanation of the
MLD union bound, (v) proposing a simplified prediction method for the adaptive modulation,
and (vi) presenting numerical results that will support the various novel propositions made at

the conclusion of this thesis.

Chapter 4

The Chapter 4 will focus on the multi-cell massive MIMO system with TDD operations by,
(1) offering a general literature review of the related works, (ii) illustrating the system model
of both single-cell and multi-cell massive MIMO, (iii) proposing of the downlink achievable
sum rate analytical expressions for both single-cell and multi-cell massive MIMO systems,
(iv) presenting the analytical expression of the pilot reuse scheme, and (v) by validating the

analytical propositions by way of simulations.

Chapter 5

The Chapter 5 will propose a general framework of energy efficiency maximization with min-
imum UE rate constraint by, (i) introducing the power consumption model for both uplink
and downlink transmission, (ii) formulating the energy efficiency maximization problem, (iii)
providing a brief overview of the fractional programming theory and the sequential concave
approximation (SCA) algorithm, and (iv) providing simulation results to proof the validity of

the proposed optimization framework.

Chapter 6
This Chapter 6 will, (i) present the conclusions of the thesis, and (ii) indicate the directions for

future work.



Chapter 2
Background

This chapter, which will present the necessary background knowledge about wireless commu-
nication technology essential for understanding this thesis, will be generally divided into two
topics, (i) the conventional multiple-input multiple output (MIMO) systems, and (ii) the multi
user equipment (UE) MIMO systems. An overview of the conventional MIMO systems starts
with its basic system structure and then examines the advantages, disadvantages and the diver-
sity of operations. It will then offer an overview of common detection algorithms. Secondly,
the multi-UE MIMO systems will be introduced by way of a system model and the various
multiple access schemes. Finally, the massive MIMO system will also be mentioned, together

with uplink channel estimation and downlink precoding techniques.

2.1 Fading and Wireless Channels

Various factors limit system performance in wireless communication - (i) thermal noise at the
receiver side, (ii) noise from the natural environment, and (iii) noise in the urban environment;
these are known as antenna noise temperatures [25)]. Because the statistical characteristic of
these noises is flat in terms of power density, it follows a Gaussian distribution with zero mean
and variance o2, otherwise known as white Gaussian noise. An ideal channel model for re-
search is known as additive-white-Gaussian-noise (AWGN) channel, in which AWGN noise
only exists. Also, researchers into mobile communication technology should consider other

possible sources of degradation in the wireless propagation.

Two physical phenomenon - fading and interference - are the core challenges currently faced
by mobile communications [26]. In previously wired communication systems, the attenuation
in a wire line channel does not change rapidly over time. However, because communication in
a wireless environment has dispensed with a wire line as it is based on electromagnetic spec-
trum. Consequently, the attenuation of a wireless channel emanates from these factors, such

as large-scale fading due to path loss and shadowing, and small-scale fading due to multipath
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Figure 2.1: Classification of fading in wireless channel [1]

propagations, all of which makes the research additionally challenging. There are also differ-
ent types of interference in cellular network that possibly come from either uplink or downlink

transmission. Figure.2.1 shows the catalogue of fading in wireless channels [1].

Before the MIMO systems are discussed,however, fading in wireless channels will be consid-

ered.

2.1.1 Large-scale Fading

Large-scale fading describes the attenuation in signal power due to the long distance transmis-
sion, which is known as path loss, or the shadowing from big objects, such as buildings and
mountains. This model is based on an average of these two influences, which has a function
with distance as the variable. Power variation is slow in the large-scale fading, where it is

assumed to be constant during numbers of time intervals.

A general way of modelling large-scale fading coefficient 5 (in dB) is the log-normal shadow-

ing model, which is given as [25]

d
5 = Bs (d0> + 1074 1Oglo (do) + A, (2.1

where [ represents the path loss with unit dB, which is a function of distance d between the
transmitter and receiver; dy is a reference distance and its value depends on the size of the cell;
7s is a path loss attenuation constant, which is modelled according to different transmission
environments; X denotes the random variable which follows the Gaussian distribution, with a

zero mean and variance of aﬁ. The utilization of random variable X indicates the attenuation
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Figure 2.2: Path loss versus distance with carrier frequency of 1.5GHz, dy = 100m, 0 = 6dB

caused by flat fading. Moreover, even if two receivers are at the same distance from the trans-
mitter, their large-scale fading coefficients may not be equal because of shadowing. Large-scale

fading will be utilized in the simulations included in Chapters 4 and 5.

Figure.2.2 shows the path loss of four paths calculated with equation (2.13). The carrier fre-
quency is equal to 1.5GHz, and the four paths share the same distance where d is in a range
from 1 to 1000 meters. The reference distance dj is equal to 100m, and o is equal to 6dB.
It can be seen that, due to the attenuation of path loss, path loss increases with the distance.
Furthermore, all the values of path loss fluctuate randomly because of the random shadowing

effect within each path.

2.1.2 Small-Scale Fading

Small-scale fading describes the variations in the propagation environment, where the ampli-
tude and phase of received signals fluctuates rapidly within a limited time scale. It is different
from the slow variation process in large-scale fading. One of the reasons for fluctuation is
the multipath propagation environment, where transmitted signals reflects and scatters during

transmission and multiple copies are received at the receiver side with distortions in amplitude
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Figure 2.3: Example of two path propagations with one transmitter and receiver

and phase. Before the introduction of small-scale fading, a brief introduction will be given

regarding the calculation of coherence time, coherence bandwidth and coherence interval.

2.1.2.1 Coherence Time, Coherence Bandwidth and Coherence Interval

o Coherence Time: is denoted by 7, in unit of seconds, is defined as the time period that the
channel is assumed to be invariant. The explanation starts from a simple example, which
is illustrated in Fig.2.3. Consider one transmitter and receiver, where both have only one
antenna and there is a line-of-sight (LoS) path between them. The received signal y in
Figure.2.3(a) is a combination of LoS signal that is directly transmitted plus the signal

after reflection, which can be expressed as

dp

. . ) o dg o d
y (t) _ (e—’LQﬂ'fch + o127 fe ) S (t) — (e—z27rd7 + 6_127r7b> s (t), (2.2)

where f; is the carrier frequency and c¢ denotes the speed of light. The distance d, and dj
represents the distances of the LoS path and reflection from the transmitter to the receiver
respectively. The wavelength is denoted by A with A = ﬁ If the receiver shifts to the
right direction for a distance of d as shown in Fig.2.3 (b), the received signal can be

expressed as
—i2rd | —ion=d d
y(t) = (e X +e by ) s(t) = 2cos 27TX s(t). (2.3)

From equation (2.3), it can be found that the received signal will be zero if d > % This

implies the movement distance of % guarantees the invariance of the channel [27]. The
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coherence time 7T is approximated as follows with movement speed v [27],

T, = —. (2.4)

o Coherence Bandwidth: is denoted by B, with a unit of Hz, is defined as the interval
in the frequency domain, where the magnitude of the channel frequency response stays
constant. By utilizing the example in Figure.2.3 (a), if the transmitter sends signal with

27 ft

sinusoidal wave where z (t) = e , the channel frequency response is expressed as

Gy (f) = emizn(fet )% | o—i2n(fet )L _ —ionfle +e—i2wfd—c’3’ 2.5)

where the channel frequency response fluctuates with frequency f and |Gy, (f) | is the

magnitude of the frequency response, which is given as

orfda | _ionpd dy —d
Gh (f)] = e E 4 omi2nfE ] — 9 |cos <7rf “ b) ‘ . (2.6)
c

The coherence bandwidth is the interval between the zero value of |G (f)|, which is

defined as
c
B. = . 2.7
R @7

e Coherence Interval: T'" quantifies the number of samples within the period of time 7§
seconds and the bandwidth B, Hz, which is based on the Nyquist-Shannon sampling
theorem, which is a part of a signal with a T; seconds time period and a B, Hz bandwidth

that contains 71" samples inside, which is expressed as

T = T,B.. (2.8)

2.1.2.2 Classification of Small-Scale Fading

As shown in Figure.2.1, by comparing the transmit signal and the characteristic of the channel,

the small-scale fading can be classified into the following two approaches.

1. This classification is based on the multipath spread, which results in time dispersion. If

the bandwidth of transmit signal is denoted by B, the channel is known as frequency-

11



Background

selective fading orflat fading based on the following conditions.

Frequency-selective fading : By > B, 2.9)
Flat fading : B < B. (2.10)

In a frequency-selective channel, the relationship of By > B, implies that the transmit
signal has a smaller symbol time period than the delay spread of the channel. As a
result, the frequency components of the transmit signal might result in inconsistent fading
conditions. In a flat fading channel, the relationship of By < B, implies that the transmit
signal has a larger symbol time than the delay spread of the channel. Consequently,
the frequency components of the transmit signal experiences the same fading conditions.
The flat fading channel is also known as the narrowband channel, which is because the
coherence bandwidth of the transmit signal is lower than the coherence bandwidth of the

channel.

2. The second classification is based on the Doppler spread, where it results in frequency
dispersion. The channel, which is known either as fast fading or slow fading, is based on

the following conditions.

Fast fading : Ty > T; 2.11)
Slow fading : Ty < T¢. (2.12)

The fast fading channel means the channel coherence time is lower than the one of trans-
mit signal, which suggests that the impulse response fluctuates during the time period of
the transmit signal. Whereas the slow fading channel means that the channel stays con-
stant during the time period of the transmit signal. In this thesis, the small-scale fading

is based on flat, slow fading.

2.2 MIMO Systems

Because the transmitted power fluctuates rapidly due to fading in the wireless channel, the sys-
tem performance, such as the BER at the receiver side, is heavily influenced. To combat fading,
the MIMO technique is proposed for improving throughput and provide a reliable communi-

cation service. Compared with the single-input single-output (SISO) systems, the deployment

12
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of multiple antennas at both the transmitter and receiver improves gains in spatial and time do-

mains, which enhances the performance without taking up extra spectrum resource. Before the

detailed introduction of MIMO systems, the following are some of the terms and their meanings

that are used throughout this thesis.

Point-to-point MIMO systems: has one device serving one terminal device both of which

are equipped with multiple antennas.

Multi-user MIMO systems: has one device with multiple antennas - such as BS - which
serves multiple terminal devices with single or multiple antennas, such as the current

cellular network.

Conventional MIMO systems: MIMO technology is a broad catalogue describing the uti-
lization of multiple antennas at both transmitter and receiver. The term “conventional”
describes the MIMO technique in the fourth generation of mobile phone mobile commu-

nication technology standards network (4G) [28].

Massive MIMO systems: has a large array of antennas utilized at BS-this could be hun-
dreds or even thousands-serving tens or hundreds of single antenna UEs. It will play an
important role in the up and coming the fifth generation of mobile phone mobile commu-

nication technology standards network (5G) [15, 29].

2.2.1 Point-to-point Conventional MIMO System Model

Consider a point-to-point conventional MIMO system with M; and M, antennas at both the

transmitter and receiver. Note that M, > M;. The channel follows block flat fading, where

the channel state information (CSI) stays constant within each communication block, and stays

independent from each block to each block. The received signal y is represented as

y = Hs +n, (2.13)

13
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also equation (2.13) can be interpreted in the following form,

Y1 hii hi2 ... him 51 ny
Y2 ha1  hao ... hawm, 59 n2
= . . . . B B (2.14)
YM, hara hage o0 A | | S N,
|7 M | L 1 PM] M
M;x1 M, x M Mix1 M;x1

where y € CM*! denotes the received signal with vector element 3/, representing the received

CMIXI

term from the M,-th antenna, where s € is the transmitted signal with the element sy,

denoting the signal sent from M;-th antenna, and H € CM->M

represents the channel matrix
with elements hjy s, representing the channel gain from the M;-th transmitting antenna to the
M;-th receiving antenna, which is independent and identically distributed (i.i.d). Normalization
is applied on the channel matrix with E [|h MM, |2] = 1. The variable n € C**! js the AWGN
and element ny, is a complex random variable with a zero mean and a variance of Ny, which

follows a Gaussian distribution.

2.2.2 The Advantages of MIMO Systems - Diversity Gain

Compared with a SISO system, the main advantages of MIMO technology is because of the
gains from diversity and spatial multiplexing [30]. Due to the randomness of the wireless chan-
nel, one path is very likely to fall into deep fade, even in the case of high SNR. However, if the
same information can be transmitted through multiple paths, each of which has independent
fading conditions, the transmitted information, there will be a lower chance of it falling into
deep fading, or at least one copy can be sent to the receiver through a better propagation en-
vironment. This is naturally achieved by the deployment of multiple antennas and it is known
as the “diversity gain”, which is intended both to combat small-scale fading and improve the
reliability and spectrum efficiency of systems. The diversity gain can be achieved from the

various sources described as follows:

1. Time domain: the time diversity gain is achieved by transmitting the same signal repeat-
edly within different coherence intervals; the repetition needs to be large enough, so that

each signal may have independent fading conditions.
2. Frequency domain: the frequency diversity gain is similar to time diversity, but it is

14
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Figure 2.4: Examples of frequency,time and space-time diversity technique in communication
systems

explored in frequency domains, where the same signal is repeatedly sent within different

frequency bands.

3. Space domain: the space diversity gain is achieved by the deployment of multiple an-
tennas at both the transmitter and receiver, assuming there is sufficient space in between

antennas.

Figure.2.4 shows examples of how to achieve diversity gain in the domains described above.
It is noticeable that extra time and frequency resources are required to achieve diversity gain
with both of these schemes because additional time slots or frequency bands are occupied for
the transmission of the repeated signals. In terms of space diversity, MIMO systems utilize the
spatial domain for performance enhancement; most importantly this does not require additional
time or frequency resources. In order to achieve diversity gain with high rate performance, an
optimal coding scheme is also required. The Alamouti space-time block coding (STBC) is a
powerful scheme designed for MIMO systems [31]. Figure.2.4 (c) illustrates the mechanism of
the space-time scheme with repeated signals simultaneously transmitted through independent

channels. The Alamouti STBC represents an improvement over the traditional space-time code
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Figure 2.5: Block diagram of MISO system with Alamouti STBC

by introducing a simple coding scheme at the transmitter, while, at the same time, transmit
and receive diversity can easily be achieved. An introduction to the Alamouti STBC scheme is

given below in order to explain the diversity gain in MIMO systems.

Consider a simple example of a 2 x 1 multiple-input single-output (MISO) system with binary
phase-shift keying (BPSK) modulation scheme. The symbol sequence to be transmitted is given
as [s1, 82, , Sp), where n complex symbols are sent within n time slots. If the repetition
coding scheme is considered, the first transmit vector is expressed as s; = [sq, 31]T and the
second vector as sg = [s2, 32]T and so on. However, in the Alamouti STBC scheme, two

complex symbols are encoded as follows [26, 31]
s = , (2.15)

where s denotes the encoded symbols for two time slots. During the transmission, the elements
in the first column of equation (2.15) will be assigned to each antenna for transmission in the
first time slot and followed by the second column. Note that s is a complex-orthogonal matrix.
It is assumed that the channel state information remains invariant during these two time slots.

The received signal of two time slots are denoted by ¥; and y», which is expressed as

S1

ylz[hl hz} o (2.16)
59

yz:[hl hQ} *2 1 ng, (2.17)
S1

where h,, denotes the CSI in the n-th time slot and n,, represents the AWGN in the n-th time

slot. Equation (2.16) and (2.17) can be combined and rewritten for detection in the following
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form

hi h S n
y=["1=1" " +|™] =Hs+n. (2.18)

Ya hy —hi] |52 n;

It is assumed that the channel state information (CSI) is known at the receiver in this example,
or alternatively it can be obtained by utilizing channel estimation scheme. By multiplying the
Hermitian transpose of H at the receiver side, the received vector y can be separated into two

individual streams, which is given as

r=H"y = H"Hs + H'n
ri = [|h|* + |hal*] s1 + Bing + hanj (2.19)
ro = [|h1]? + |ha|?] s2 — hinj + hins (2.20)

The detection algorithm, such as the maximum likelihood detector (MLD), can be applied
in equation (2.19) and (2.20). More importantly, two symbols are transmitted in two time
slots, where no additional resource - either in time or frequency - is required to double the rate
compared with the repetition coding scheme. Additionally, if it is assumed that same transmit
power is applied in both the Alamouti STBC and the repetition coding scheme, it has been
reduced by 50%. In this MISO example, the transmission diversity gain by utilizing Alamouti
STBC is 2, because each received signal in equation (2.19) and (2.20) only contains one symbol
and not a combination of two. Consider the MISO system with transmit antenna equals to M,
the diversity gain will increased to M;. In MIMO systems, if there are M, transmitting and M,

receive antennas with i.i.d. Rayleigh fading channel, the diversity gain will be M M;.

Figure.2.6 shows the comparison of bit-error-rate (BER) performance. The following three
systems are considered with BPSK modulation scheme and the MLD for detection at receiver:
(1) uncoded SISO (M; = M, = 1), (ii) MISO (M, = 2, M, = 1) and (iii) MIMO (M; = M, =
2) with the Alamouti STBC scheme. The channel, which utilizes Rayleigh fading, has a zero
mean and a unit variance. The total power constrain is the same for all three systems. It is
noticeable that both the MISO and MIMO systems outperform the SISO system because of the
diversity gain. By utilizing one more antenna at the receiver, the MIMO system has a better

BER performance over the MISO system, which is also because of its receiving diversity gain.
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Figure 2.6: BER performance of SISO, MISO and MIMO systems with Alamouti STBC

2.2.3 The Advantage of MIMO Systems - Spatial Multiplexing Gain

The diversity gain in MIMO systems combat fading in channel and improve the transmission
reliability. However, the fading can also provide an extra degree of freedom for the system,
which comes from the multiple arrival directions at the receiver side with rich reflection and
scattering in multipath propagation. If multiple independent signals are transmitted simultane-
ously without interleaving in between, the system throughput can be much increased without
taking up extra time and frequency resources. This is known as the spatial multiplexing gain

that is offered by MIMO systems.

Figure.2.7 shows a block-diagram of the vertical Bell Laboratories layered space-time (V-
BLAST) architecture of MIMO systems [32]. At the transmitter side, the input data streams
will firstly be divided into M, independent sub-streams prior to symbol mapping; they will
then be send through M, transmit antennas simultaneously over same frequency band. Each
receive antenna will receive all these sub-streams with different signatures of the propagation
environment. The received signal will be multiplexed and if the CSI is known at the receiver,
the transmit data can be jointly detected. By comparison, in the Alamouti STBC scheme, the

V-LBAST offers much higher data throughput, which increases with the number of antennas
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Figure 2.7: Block diagram of MIMO systems with V-BLAST architecture

deployed, whereby the maximum degree of freedom is min (M, M;).

MIMO systems provide both diversity gain and spatial multiplexing gain, but with a trade-off
in between. Consequently, it is difficult to achieve the theoretical maximum reliability and data

throughput that the MIMO architecture offers at the same time.

The capacity of MIMO system will be introduced in the following section.

2.2.4 The Capacity of MIMO Systems

The previous section demonstrated that MIMO systems offer diversity gains and spatial mul-
tiplexing gains for performance improvements in fading combat and data throughput, with the
ideal values of both gains can be achieved being MM, and min (M, M, ). Capacity is enhanced
by transmitting data over multiple independent channels in a rich scattering environment. In

the following section, the enhanced capacity of MIMO systems over SISO will be discussed.

2.2.4.1 Capacity of MIMO Systems with a Deterministic Channel

The analysis of the capacity of MIMO systems can be divided into two approaches, (i)deterministic
channel, and (ii) random channel. The system model utilized in the following section is based
on the equation (2.13), where the channel matrix H is assumed to be deterministic. The channel
capacity is defined as the maximum mutual information between transmit signal s and received

signal y, which is expressed as [1,25]

Cy =max I(syy), (2.21)
f(s)
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where f(s) is the probability density function (PDF) of transmit random signal s, I (s;y) de-

notes the mutual information of both s and y, and it is given as

I (S;Y) = H. (Y) — H, (Y|s) ) (2.22)

where H, (y) represents the entropy of y and H. (y|s) denotes the conditional entropy of y
with given s. As n and s are two independent random vectors, the conditional entropy can be

transformed as H, (y|s) = H. (n). And consequently the mutual information is equivalent to
I(s;y) = He (y) = He (n). (2.23)

As the entropy of noise term is a constant, therefore the maximization of channel capacity

comes from maximizing the entropy of receive signal y.

SISO channel capacity

Consider a SISO system with limited transmit power, where E Us|2 < Es] and Ej denotes the
transmit power. In this case, both the transmit and receive signal and channel plus noise is trans-
ferred from matrix into scalers if utilizing equation (2.13). If only the AWGN channel is consid-
ered, both transmit and receive signal needs to follow Gaussian distribution to reach the max-
imum capacity with transmit signal s ~ CA (0, Es) and receive signal y ~ CN' (O, B+ JE),
where o2 denotes the noise variance. As a result, the entropy H, (n) equals to log, (Weag)

and H. (y) equals to log, (7re (ES + 03)). The AWGN channel capacity of SISO system is
expressed as [25, 26]

E .
CSISO,AWGN = 10g2 (1 + U2> (blt/S/HZ) R (2.24)

n
where % is the SNR of SISO systems. In a more general case, the receive signal will also be
affected by the randomness from channel if Rayleigh flat fading is considered rather than the
AWGN case. The entropy H. (y.) becomes log, (71'6 (\h\zEs + 03)) and the corresponding

capacity of SISO systems is expressed as

E
Csiso = log, <1 + U;yhy?) (bit/s/Hz) . (2.25)

SIMO channel capacity

Consider a single-input multiple-output (SIMO) system with one transmit and M, receive an-
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tennas. Now both the receive signal and channel plus noise are in the form of vector if utilizing

equation (2.13), with H = [hq, ha, - -, hr]T. The transmit signal is a scaler now. The entropy

M

H. (y) becomes log, (7’[’6 <Z |hi|2Es + af)) and the corresponding capacity of SIMO sys-
=1

tems is expressed as [1,26] '

M,
Es

Csivo = log, (1 + ﬁ ) :mﬁ) (bit/s/Hz) . (2.26)
=1

It can be observed from equation (2.26) that the channel capacity is logarithmic increase with

the number of receive antenna M, with the spatial multiplexing gain of M.

MISO channel capacity

Consider a MISO system with M, transmit antenna and one receive antenna. Now the transmit
signal and channel are in the form of vector, which are expressed as s = [s1, 52, ,saz]"
and H = [hy, ha, -+ ,hps]. The receive signal and noise are both scalers. If each trans-
mit antenna has the same power with the total constrain as Ej, the entropy H. (y) becomes
log, <7re (% |h1|2% + aﬁ)) and the corresponding capacity of MISO systems is expressed

i=1
as [33]

M
E.
CMmiso = log2 1+ M i 5 Z ’hZ‘Q (bit/S/HZ) . (2.27)
Un i

From equation (2.27), it can be found that the MISO channel capacity is logarithmically in-

crease with the number of transmit antenna M, with the spatial multiplexing gain of M.

MIMO channel capacity
Consider a MIMO system with M, transmit and M, receive antennas. The covariance matrix of

receive signal y is interpreted as

E;
Ry = E{yy} =E {]MtHssHHH + nnH}

_% H H H
_MtHE{SS }H —|—E{nn }

E
- MSHRSHH + 02y, (2.28)

t

where I is an M; x M, identity matrix. Both the entropy H. (y) and H, (n) can be expressed
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as

E
H, (y) = log, [det (meRy)] = log, [det <7T6 <J\4SHRSHH + UIQIIM,>>] (2.29)
t

He (n) = log, [det (meRy)] = log, [det (meo?Iys)] - (2.30)
Consequently, the channel capacity of MIMO systems is expressed as

E
Cyvivo = logy {det <7re (]\/.ZHRSHH + agIMr>>] — log, [det (TFGO'I%IMr)]

E
= log, {det <IMr + SQHRSHH>] (bit/s/Hz) . (2.31)
MtUn

2.2.5 Capacity of MIMO Systems With CSI Not Known at the Transmitter

In the case of CSI not known at the transmitter side, the transmit power can be equally allo-
cated. As a result, with M, transmit antennas, the autocorrelation matrix Rg in equation (2.31)

becomes a identity matrix I, which is expressed as [34]

E, -
Chivio.pp = log, [det (IMr + 3o HH ﬂ . (2.32)

If HH' has the SVD decomposition as HH = U " V¥, equation (2.32) can be simplified

as

E
CMIMO,EP = log, [det <I]\/[r + U ZVH>:|

MtO'g
min( M, M) E
= > log, (1 + M:;?A%I> : (2.33)
=1 n

where A1 denotes the eigenvalue of HH? . Equation (2.33) indicates that the channel capacity
of M; x M; MIMO can be seen as a combination of min (M, M;) SISO channel with equal

power allocation.

2.2.5.1 Capacity of MIMO Systems with CSI Known at the Transmitter

At the transmitter side of MIMO systems, the CSI can be available from different techniques,
such as feedback (FDD) or channel reciprocity (TDD). The transmit power can be adaptively

allocated based on the channel quality, which is known as water-filling power allocation algo-
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rithm and it is considered as an useful technique for improving system capacity [34].

The optimal achievable capacity with power allocation can be formulated as follows

min(M;,M;) E.
1 14+ =N\ 2.34
3 og2<+03 ) (2342)
M
Subjectto Y~ < E (2.34b)
=1
E; >0 (2.34¢)

where E; denotes the allocated power of each antenna. The solution of this problem can be
achieved by water-filling power allocation algorithm, where the optimal power E; should meet

the following constrain

0.2
()\2 + E) =, Vi (2.35)

where 1 denotes the chosen threshold for water-filling power allocation algorithm. From equa-

tion (2.35), the optimal power for each antenna F; is expressed as

()'2 +
Ef=(p-—"2) (2.36)

where ”+” represents the positive term only. As a result, the capacity with CSI at the transmitter
is given as

M,
E*
Cvivo,wr = Z logs (1 + U;M) . (2.37)

i=1 n

2.2.5.2 Capacity of MIMO Systems with Random Channels

The capacity introduced previously is based on a deterministic channel model. However, ran-
dom channel, which changes as a function of time, is a more realistic model and H is considered
to be a random matrix. The capacity will also be random by the utilization of random channel

in calculation.

Ergodic capacity of MIMO systems
Consider a MIMO system with an ergodic flat fading channel, where the channel stays inde-

pendent between each time period and constant within each period. If there are N time periods,
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Figure 2.8: Ergodic capacity of different MIMO configurations

the capacity of MIMO systems will be the average performance, which is expressed as

N

1 E, ,

CmiMo = N E log, (IMr + Mt;2H [n] RgHH [n]> (bit/s/Hz) . (2.38)
n=1 n

The ergodic capacity is the expectation of equation (2.31) in the case of N — oo, which is

presented as

N
CMIMO ergodic = B LZI log, (I M+ ]WE:T%HRSHH > (bit/s/Hz)] . (2.39)
Fig.2.8 shows the simulation results of ergodic capacity over SNR, which includes SISO,
SIMO, MISO and MIMO systems. Firstly, it can be observed that all the capacity results
increase linearly regarding to the SNR. Secondly, the capacity of MIMO with M; = M, =4 is
almost triple over the SISO case when SNR is 15dB. Even in the case of low SNR, the MIMO
system still outperforms the SISO system. Thirdly, the SIMO performs better than MISO be-
cause of the power gain, which is scaled with M;. To be more specific, the multiple antennas
deployed at the receiver in SIMO system is able to coherently combine the received signal,

which results to a power boost.

24



Background

0.9

0.8 -

0.6 |-

0.5

CDF

0.4

0.3

10% Outage capacity

0.1

2 4 6 8 10 12 14 16 18
Rate[b/s/Hz]

Figure 2.9: Outage capacity of different MIMO configurations

Outage capacity of MIMO systems

The g%-outage capacity, CmivMo,outage» 1S defined as the maximum possible capacity for (100 — q)%
channel samples [33]. Fig.2.9 shows the cumulative density function (CDF) of capacity with
SNR = 10dB. The 10 % outage capacity of different number of antennas are highlighted in
the figure. Again, MIMO system is outperformed over SISO system with improvement about

50% in the case of M; = M, = 2 and 260 % in the case of M; = M, = 4.

2.2.6 MIMO Detection Algorithms

The MIMO detection algorithm is the signal processing technique which is applied to detect
the transmitted signals at the receiver side. To be more specific, at the transmitter side, M,
independent data streams will be modulated and transmitted by the M, antennas. At the receiver
side of system, M, antennas receive signals that contains CSI and thermal noise. As a result,

detection algorithm is applied to jointly detect the signal.
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2.2.6.1 Maximum likelihood detection

The MLD adopts an exhaustive search approach for signal detection [35]. A search will be
conducted over all the possible combinations of candidate symbols. The detection, which cal-
culates the Euclidean distance between received noisy signals and all the possible candidate
vectors, 18 formulated as:

Smr, = argmin||y — Hs|? (2.40)
seS

where S denotes the constellation set of transmit symbols and the ||(-)|| denotes the norm of
the vector. The optimal detection resulting from the MLD will be the vector with minimum
Euclidean distance, which indicates the smallest error probability. Due to the exhaustive search,
the optimal detection result also leads to the optimal BER performance. However, there is a
trade-off between the optimal detection performance and the computational complexity, since
the computational complexity will increase exponentially with the number of antennas in the
MIMO system and the modulation constellation. For example, if the MLD is used on a 16 x 16
MIMO system with 256-QAM, the detection of one symbol vector involves a search of over

25616 lattice points, which limits the practical use of the MLD.

2.2.6.2 Linear detection

Linear detection algorithms are proposed in order to reduce the computational complexity of
the MLD to compensate for detection performance [36]. The basic idea behind the algorithm is
to invert the action of the channel matrix H in the received signal by applying a matrix filter, the
main purpose of which is to obtain the desired signal by filtering out the channel information
and noise. One approach to a linear detection algorithm is called zero forcing (ZF). It utilizes
the pseudo inverse of the channel matrix which is Hf = (HTH) ~'HH. By applying on the

received signal, the estimated detection result is given as [36]
$sp =H'y =s+H'n (2.41)

From the above equation, it can be observed that the noise effect, Hn, will be enhanced in
the detected result. However, this degrades the detection accuracy and leads to a sub-optimal
detection result. To reduce the noise effect, a minimum mean square error (MMSE) criterion
is proposed. The MMSE receiver adds the power of noise in the pseudo inverse calculation so

that after the multiplication, both the effect of channel and noise can be filtered. The MMSE
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receiver can be written as [36]
Wumse = (HPH + NoIp) 'HY (2.42)

where Ny and I, denote noise power and identity matrix with the size of M respectively. Note
that the initial results calculated from the linear detection algorithms are not the constellation
points from set S, therefore, the detection results will be rounded to the closest constellation

points.

2.2.6.3 Ordered successive interference cancellation detection

The ordered successive interference cancellation (OSIC), which is known as Vertical Bell Labo-
ratories Layered Space-Time (V-BLAST) receiver [37], is developed which further reduces the
interference between transmitted signals. To compare it with the linear detectors, the V-BLAST
detector applies a non-linear detection algorithm and it splits the detection into stages. Each
substream of the received signal is detected individually while the other substreams are treated
as "interference”. The detection of each substream can utilize either the ZF or the MMSE algo-
rithm as the nulling vector. After the detection of one substream, the interference cancellation
is achieved by subtracting the detected vector from the original received signal. One impor-
tant issue is that the detection performance is significantly influenced by the cancellation order,
which is based on the post-detection SNR of each vector stream. The optimal cancellation or-
der always starts the detection of the vector with the post-detection SNR in a descending order.
The detection has M iterations with ¢ = 1,2, --- | M;. The detection process is summarized as

follows:

e Ordering step: the detection order defines the sequence of detecting individual signals
from the received signal vector. It is based on the Euclidian norm value for each row of
the channel matrix. We will rank the Euclidian norm value and detection order starting

from row with the minimum value which represents the maximum SNR.

k = arg min)| (HT> E (2.43)
j J

where (Hj) _represents the j-th row of the pseudoinverse of H;. Please note that the
J

j-th row can only be selected from the signals that have not been detected yet.
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e Nulling step: after defining the detection order,the kth row of (HT) is chosen as the
nulling vector wy to null out the weaker transmitted signals for purpose of reducing

interference which can be expressed as:

Ski= Wiy (2.44)

e Slicing step: we need to slice the signal obtained from the nulling step to the nearest

constellation point Sy, ;, in order to recover the transmitted data.

e Cancellation step: in this step, we need to remove the detected signal from the received
vector using the result of the slicing step. The purpose of this cancellation is to reduce

the interference caused by this signal. ...

Yit1 = yi — 8 (H)" (2.45)

where (H)* represents the kth row of H. The nulling the k-th column of H; results the

channel matrix H;, ; for the following iteration.

The V-BLAST algorithm will repeat these steps until all the transmitted signals are detected.
Both ZF and MMSE detectors can be applied in the V-BLAST detector for the single stream

detection. Also the application of MMSE detector can further reduce the noise effect.

Figure.2.10 shows the uncoded BER performance of the five detection algorithms. The simu-
lation considers a 16-QAM 4 x 4 MIMO systems. The top two curves are linear detectors. We
can find that MMSE has better performance than ZF. It can be seen that at BER of 1072, the
performance gap between these two linear detectors is 2dB. However, linear detectors have the
worst performance among these five algorithms. V-BLAST has better BER performance over
linear detectors. It can be seen V-BLAST-ZF has 3dB gains over MMSE at BER of 1072, As
mentioned before, V-BLAST-MMSE has slightly better performance than V-BLAST-ZF which
is 2dB at BER of 10~2. Finally, it is noticeable that the MLD has the best performance of the

group.

This section focused on the point-to-point MIMO systems, where one device is designed to
serve another device and where both are equipped with multiple antennas to create a single-UE
MIMO system and where BS serves on UE with multiple antennas. The following section will

describe another type of MIMO system-the multi-UE MIMO system-which is like the cellular
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Figure 2.10: BER of 4 x 4 MIMO system with 16-QAM and different detection algorithms

network, where one BS serves multiple single antenna UEs with the same time and frequency
resource, and where, if there are M antennas at the BS serving K single-antenna UEs are in a

single hexagon shaped cell, they will form a M x K multi-UE MIMO system.

2.2.6.4 Semidefinite Relaxation Programming Based Detection

Although the MLD achieves the optimal detection performance, the computational complexity
increases exponentially with the modulation order and the number of antennas. To simplified
the complexity, an alternative approach of detection in MIMO systems is to convert the MLD
into a optimization problem and utilize semidefinite relaxation (SDR) programming to solve it,

which is known as the SDR-based detection [38, 39].

Different from the exhaustive search that utilized in the MLD, the SDR-based detection re-
formulates the original MLD detection problem and the near-MLD result can be found with

polynomial worst-case complexity. To be more specific, consider BPSK modulation scheme,
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Equation (2.40) can be reformulated into a minimization problem as [40]

minimize tr (QsprXspr) (2.46a)

S
subject to  Xspr = XSDRX4hR (2.46b)
XSDR € SBPSK (2.460¢)

where Qspr and Xgpg are defined as

HfH -—HYy s
Qspr = . , |+ Xsor= : (2.47)

-y'H |yl 1
Consider diag (XspRr) is defined as a vector with elements from the diagonal entries of Xgpr
and egpg is defined as a vector with all the elements equal to one. Additionally, it is defined
that Xgpr >~ O represents the matrix Xgpg is positive semidefinite. In the SDR-based de-
tection, Constraint (2.46b) and (2.46¢) can be replaced and it becomes a typical semidefinite

programming problem, which is expressed as

minimize tr (QSDRXSDR) (2.48a)

s
subject to diag (XSDR) = €esDR (2.48b)
Xspr = 0. (2.48¢)

Problem (2.48a) can be solved iteratively by utilizing common optimization algorithms and the
detection result s can be found by adopting various methods, such as rounding quantizations
[41]. The SDR-based detection achieves quasi-MLD BER with reduced complexity, however,
the performance still needs to be improved when detecting the symbol with high order modu-

lation scheme [9].

2.3 Multi-UE MIMO and Massive MIMO Systems

The following section will describe the multi-UE MIMO systems and explain its basic structure
and the advantages it offers. It will also introduce the massive MIMO systems-a novel commu-
nication technology that has attracted great interests from both academia and industries-which,
although it belongs to multi-UE MIMO system, because the number of BS antennas has been

greatly increased, it has brought about many exciting innovations.
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Figure 2.11: Block diagram of multi-UE MIMO system including uplink and downlink trans-
mission

2.3.1 Single-cell Multi-UE MIMO systems

Figure.2.11 shows a simplified block digram of multi-UE MIMO system. As listed in the figure,
uplink and downlink are two communication stages in multi-UE MIMO systems. In the uplink
stage (also known as multiple access), multiple UEs send independent data streams to one BS
with multiple antennas, which can be seen as a “many-to-one” transmission. As the UEs are
assumed to be distributed in the cell randomly, the uplink data streams are expected to have
different distortions. In the downlink stage (also known as broadcasting), BS transmits the data
streams to the serving UEs, which can be seen as a “one-to-many” transmission. Different from
the uplink stage, in downlink transmission, the UE will receive the signal and interference in
one channel. To be more specific, UE k will receive both the desired downlink signal zj, and
the interference x; where j # k in the downlink channel between UE k and BS. As a result,
precoding can be utilized in downlink transmission to reduce the interference. The detailed

discussion will be given in the section latter.

2.3.1.1 Multiple Access Scheme

In multi-UE MIMO systems, BS is designed to serve multiple UEs within the same time-
frequency resource. Multiple access schemes are proposed as a resource allocation strategy for

the serving UEs in order to share the limited resources efficiently.

Similar to the diversity gain, as described above, the multiple access scheme can utilize the

resources from different dimensions. The common techniques include frequency division mul-
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tiple access (FDMA), time division multiple access (TDMA), code division multiple access
(CDMA) and space division frequency multiple access (SDMA) [42]. A brief introduction is

given as follows.

e FDMA: its resource sharing is based on the division in frequency spectrum, where a
different frequency band is assigned to each UE, meaning that UEs can communicate
with the BS simultaneously. Its advantages are, (i) the easy implementation of its system
design, (ii) it suffers less inter-symbol interference, and (iii) it needs fewer overheads for

the synchronization with BS.

e TDMA: its resource sharing is based on the division in time period, where the serving
UEs share the entire frequency band, but different time slots are assigned to each UE. It
has been utilized in the Global System for Mobile Communications (GSM). However, its

one drawback is the large overhead cost of synchronization.

e CDMA: it is designed to allow the serving UEs to share both the spectrum and time
resource simultaneously, since a unique spreading code for signal encoding is assigned to
each UE. The codebook, which is known by BS, is used to distinguish the data transmitted

from multiple UEs.

e SDMA: it is achieved by allocating an array of M antennas at the BS, where the distin-
guish of UEs is based on the beam pattern. This can be jointly used with the other three

schemes.

2.3.2 Massive MIMO Systems

The massive MIMO technique can be seen as an “upgraded” version of multi-UE MIMO sys-
tems. A principle feature is that BS utilizes a large-array of antennas with the number of
hundreds or even thousands simultaneously serving tens or even hundreds of single antenna
UEs within the same time-frequency resources. This adoption of excess antennas has enhanced

the gains that the conventional MIMO systems offer, bringing additional benefits.

2.3.2.1 Frequency-division-duplex and Time-division-duplex

As mentioned above, the CSI is crucial to the performance of all MIMO systems. To be more

specific, an accurate estimation of CSI is essential for both the detector at the receiver and
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Figure 2.12: Frame structures of FDD and TDD operations

the BS for downlink precoding. TDD and frequency-division-duplex (FDD) are two common
traffic modes in the urban cellular systems with different CSI acquisition schemes [43], which
are illustrated in Fig.2.12. It is assumed that the pilot aided scheme is utilized for channel
estimation in which the CSI is estimated from the received known pilot sequences straightfor-
wardly. However, part of the coherence interval needs to be allocated for the transmission of
pilot sequences. Meanwhile, if many resources are allocated for channel estimation, the data
transmission rate will definitely be influenced. The consumption of resources with both the

FDD and TDD operations are listed below.

FDD Operation
In the FDD operation, both uplink and downlink transmission operates in the same coherence

time; however different frequency bands are assigned. The basic operation procedures are:

1. Uplink-channel estimation: uplink CSI is estimated from all the UEs that send their own
assigned pilot sequences, presumably simultaneously, to their BS. The channel estima-

tion is performed based on the known pilot sequences.

2. Uplink-data transmission and detection: the UEs start to send data after sending the
pilot sequences. Based on the estimated uplink CSI, the detection is performed at BS to

achieve the uplink data.

3. Downlink-channel estimation: The downlink CSI needs to be estimated again. The BS
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sends the downlink pilot sequence to each UE and channel estimation is performed at UE

side.

4. Downlink-CSI feedback: The estimated CSI is fed back to the BS from the uplink control

channel.

5. Downlink-precoding and data transmission: The downlink data is passed through the

precoder and transmitted to UEs.

When counting the resources that are needed for channel estimation in FDD operation, the
uplink CSI pilot needs a minimum length of K and the length of downlink pilot should be
equal to the number of BS antennas M. Consequently, the pilot length in the FDD operation
needs to be at least K + M. This limits the application of FDD operation in massive MIMO

system because of the large array of BS antennas.

TDD operation
In the TDD operation, both uplink and downlink transmission are designed to share the same

frequency spectrum, but in different time slots. For this the following three steps are taken:

1. Uplink training and channel estimation: the TDD operation starts with all the active UEs
sending their own assigned pilot sequence to the BS. It is assumed to be simultaneously
and it is also assumed that the BS received the known pilot sequences synchronously
and perform channel estimation to obtain the uplink CSI. Since the same frequency band
is utilized for both uplink and downlink traffic, the downlink CSI for precoding is as-
sumed to be consistent with the one from the uplink estimation because of the channel

reciprocity. This is considered to be a principle advantage of the TDD operation.

2. Uplink data transmission and detection: the UEs transmit data streams after sending the
pilot sequences. The estimated CSI is utilized for detecting the transmitted data streams
from UEs. In massive MIMO systems, low complexity detectors such as linear detection,

is capable of achieving optimal performance.

3. Downlink precoding and data transmission: The estimated CSI is also utilized for down-
link precoding. The downlink data streams will pass to the precoder and then they will

be sent to UEs.

In this thesis, the TDD operation is selected for massive MIMO systems. The main reason is the
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resources for channel estimation are not proportional to the number of BS antennas. To achieve
the benefits the massive MIMO systems offer, an essential condition is that access number of
antennas serves single antenna UEs, where M >> K. Comparing with the pilot length in the
TDD operation is scaled with K, the FDD operation needs a minimum length of M + K, which

limits the application in the case of large M.

2.3.2.2 Uplink in massive MIMO system with TDD operation

The least squared (LS) method is a useful channel estimation scheme in massive MIMO sys-
tems. Consider UE 1 is assigned with the pilot sequence s; € R7*!. The received signal at the

BS in cell j is expressed as

K
yj =Y _sihi+nj, (2.49)
=1

where s; € R™*M (denotes the pilot received at BS with s; = s; ® Iy and Ipyisa M x M

identity matrix. The estimated CSI ﬁl of UE 7 from LS method is expressed as

h; =sy; (2.50)

2.3.2.3 Downlink in Massive MIMO System with TDD Operation

The channel reciprocity in TDD operation results in the utilization of estimated uplink CSI in
downlink transmission. With the CSI known at BS, the precoding technique can be adopted for

performance enhancement [44] from various different aspects.

Precoding technique both eliminates interference between UEs and reduces the size and energy
consumption of terminal equipments. In multi-UE MIMO system of the uplink detection at BS,
when serving large number of UEs the computational complexity will be very high, because
the received signal at BS is a combination of multiple streams and the jointly detection is com-
putation intensive. In the downlink transmission, high energy consumption arises with the high
computational detection at the UE side, which will limit the mobility service of equipments.
Consequently, a precoding technique is applied for “pre-processing” before the downlink trans-
mission in order to increase the spatial multiplexing gain that UEs have achieved. This helps to

improve the detection performance at the UE side and also to increase the system’s capacity.
Linear precoding schemes are generally utilized in massive MIMO systems; this is similar to the
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adoption of linear detection for uplink, where the large number of antennas result in favourable
propagation and the complexity for both detection and precoding design is reduced. Maximum
ratio transmission (MRT) belongs to the linear precoding schemes, which is aiming to maximize

the SNR in downlink transmission. The received signal r; € C of UE ¢ is expressed as

K
ri=> hiftyz, + 2, (2.51)

k=1
where t;, € CM*1 denotes the precoding vector, xj, represents the transmit data symbols and
z; € C is the receiver noise and z; € CN(0,1). As the TDD operation is considered, the
downlink channel utilized the Hermitian transpose of the uplink channel. The MRT precoding

vector is given as
tr =
k= ’
[ b |

(2.52)

2.4 Chapter summary

The first part of this chapter, which has introduced the background knowledge regarding both
the conventional MIMO and massive MIMO systems as used in this thesis, started with a point-
to-point description of the conventional MIMO systems. Firstly, the fading in wireless prop-
agation environment was introduced, together with the concept of both large- and small-scale
fading, which will be applied in the system model, to be presented in the next three chapters.
Secondly, a detailed description of the advantages that offered by MIMO systems was covered,
revealing a principle benefit of diversity gain that can be achieved in time, frequency and space
dimensions, where it has been much enhanced both by the deployment of multiple antennas and
by reaching up to MM, in MIMO systems. Thirdly, this chapter revealed that another benefit is
the spatial multiplexing gain, where the system capacity linearly increases with min (M;, M;).
Fourthly, a comparison channel capacity has been established between SISO, SIMO, MISO and
MIMO systems, with the simulation result verifying a capacity improvement by incorporating

additional antennas.

The second part of this chapter considered multi-UE MIMO and massive MIMO systems.
Firstly, the multiple access scheme that was utilized in the multi-UE MIMO system is intro-
duced. The CDMA scheme is considered in the following system design. Secondly, a brief

introduction of massive MIMO system has been given. An introduction of the advantages that
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is offered by massive MIMO systems has been given, where it not only brings a great enhance-
ment of system capacity but also reduces the computational complexity at the BS side. The
research into the TDD or FDD operation based massive MIMO system have attracted great

interests; hence, in this thesis, the TDD operation is utilized because of the channel reciprocity.

The next chapter will consider the conventional MIMO systems, where the combination of the
K-best detector with adaptive modulation scheme will be proposed. The chapter 4 will present
the analytical results based on massive MIMO systems, followed by the chapter 5, where the

system’s energy efficiency will be maximized.
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Chapter 3

Performance Analysis of the K-Best
Detector with Adaptive Modulation

This chapter describes an error probability approximation framework for multiple-input multiple-
output (MIMO) systems with the K-Best detection algorithm at receiver side, which aims to
serve for the adaptive modulation scheme. The basic idea of this work is to utilize a simpli-
fied error probability approximation scheme based on the union bound (UB) of the maximum
likelihood detector (MLD) such that the bit error rate (BER) performance of the K-Best algo-
rithm in various channel qualities can be efficiently predicted. Instead of considering all the
error events, we only apply the minimum Euclidean distance (MED) errors in the UB calcu-
lation will be applied - this amounts to only a small portion, especially since the number of
antenna is large. This will be suitable for real-time adaptive modulation systems because the
computational complexity has been much reduced. To improve the accuracy of prediction, the
signal-to-noise ratio (SNR) gaps between the simplified UB and the full UB in different chan-
nel conditions are estimated and recorded in a look-up-table (LUT). By applying the simplified
approximation method, simulation results have clearly shown the adaptive K-Best algorithm
to have a much reduced computational complexity while still maintaining a promising BER

performance.

The remainder of this chapter will be organized as follows: section 3.1 will introduce of the
background and purpose of this chapter by giving a brief literature review of the MIMO detec-
tion algorithm with the adaptive modulation. Section 3.2 will focus on the system model and
the detection algorithms, both of which will be utilised in this chapter. Section 3.3 will present
a detailed explanation of the UB of the MLD. Section 3.4 will describe the procedures of how
adaptation works and how the LUT that contains SNR gaps between predictions and actual re-
sults are generated. Section 3.5 will bring the chapter to this conclusion with a demonstration

of the simulation results and its corresponding analysis.
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3.1 Introduction

As stated in Chapter 2, MIMO is an advanced wireless communication technology that has at-
tracted great interest from both researchers and industrialists. The deployment of multiple an-
tennas at both transmitter and receiver is a promising technique designed to increase spectrum
efficiency with a high order of diversity [26,37,45]. Multiple data streams are sent simulta-
neously from the transmitter, but each stream will suffer independent fading through different
channels. Therefore, the joint-detection of transmitted information from the received signal at
the receiver side becomes both important and challenging because it is crucial that the system
should achieve a high data rate while maintaining an acceptable detection error probability at
the receiver side. Consequently, there has to be a trade-off between detection performance and

computational complexity at the receiver side.

Convincing detection results often entail a the high computational complexity, hence the MLD,
which is an optimal receiver designed for the MIMO systems, guarantees robust detection per-
formance. However, an exhaustive search over the large lattice point space leads to high com-
putational complexity, which makes it unrealistic for practical application, whereas the linear
detector can be implemented simply, although it needs a higher SNR in order to achieve the
desired performance. Therefore, over the last decade a considerable number of detection algo-
rithms have been proposed in order to achieve a quasi-MLD performance with an manageable
level of complexity. For instance, numerous novel tree-search based detection algorithms have
been proposed, such as the fixed sphere decoder (FSD) [46] and the K-Best detector [11]. The
K-Best detector is a non-linear algorithm that achieves the quasi-ML performance with fixed
degree of complexity allowing detection to be executed simultaneously by applying a breadth-
first tree search with a fixed number of searching paths at each level, which is a feature has great
potential for parallel hardware platforms implementation as well as for practical applications

[47,48].

In terms of spectrum efficient transmission in MIMO systems, an adaptive transmission tech-
nique is an convincing means of improving data throughput over time-varying channels [49—
51]. The adaptive transmission method estimates the channel condition at the receiver and feeds
back the relevant transmission parameter, which matches the instantaneous channel quality in
order for it to transmit based on the channel condition estimation. The typical transmission pa-
rameter can be modified to includes transmit power, modulation scheme, and coding scheme.

By employing the adaptive transmission scheme, the system throughput can either be max-
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imised by setting a target BER, or BER can be reduced under a fixed throughput requirement
[52].

Related work: the K-Best detector is based on a tree-search based algorithm which was first
proposed in [9,53]. Until recently the development of the K-Best algorithm focused mainly
on the complexity reductions and detection performance improvements. However, in [54], the
authors proposed an adaptive K -value method according to the channel condition and an adap-
tive K values will be employed in the detection according to the varying channel conditions
at each tree level. In [55] the authors considered the complexity reduction on higher order
modulation schemes in the K-Best algorithm. In contrast to the conventional K-Best algorithm,
which implements a full expansion at each level, the proposed algorithm expands to only par-
tial constellation sets at certain levels thus providing good detection performance with fewer
computations. A lattice reduction (LR) aiding K-Best algorithm was proposed in [56], hence
the authors claim to reduce computational complexity; therefore the proposed algorithm is suit-
able for massive MIMO systems. A combination of the MMSE and the K-Best algorithm was
proposed in [57] where the complexity is reduced firstly by utilizing MMSE detection followed
by the reduced-dimension K-Best algorithm. In [58], an improved K-Best algorithm was pro-
posed whereby a flexible number of nodes are utilized in the detection; these are determined by
a pre-defined adaptive threshold value, thus achieving quasi-MLD performance by considering

more nodes at an early detection stage than the conventional K-Best algorithm.

The adaptive transmission scheme has become a significant technology that has been used in the
third and forth generation of mobile communication technology standards network (3G & 4G)
[49,59]. In [60] the authors proposed a joint power control and adaptive modulation scheme
for uplink transmission in massive MIMO systems, which increases the average spectrum effi-
ciency. In [61], the adaptive transmission was applied to virtual-MIMO systems and this gave
a promising performance. The imperfect CSI in an adaptive transmission is another topic that
has attracted great interest. The authors in [62] proposed a scheme with outdated CSI where the
coefficient of time correction was calculated based on SINR and BER. In [63], the adaptation

was based on the mean of channel feedback with the Alamouti structure.

Contribution: this chapter will now focus on the K-Best algorithm with an adaptive transmis-
sion scheme for the uplink transmission. An estimation scheme is proposed to predict the
performance of the K-Best algorithm in time varying channels with different transmission pa-

rameters, which, in order to estimate the error probability rate will entail the application of a
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simplified error probability approximation method based on the UB of the MLD. Compared
with the original UB of the MLD, the proposed method utilizes the MED events only in the
approximation. This simplification is computationally complex, hence it is more suitable to be
used for performance predictions in real-time adaptive modulation setups. The channel condi-
tion number is utilized as the channel quality indicator in the system. Furthermore, by setting
up the target BER, a look-up table (LUT) approach is applied to approximate performance gaps
between the proposed simplified approximation and the conventional UB or the K-Best detector

with different K values.

At this point, the BER performance of the K-Best algorithm can be predicted accurately in the
adaptive modulation scheme by using this pre-estimated table, thus allowing the modulation
schemes that achieve the target BER to be sent back to the users. So far, numerical results have
shown that the proposed scheme guarantees a promising error rate performance under different

channel conditions with much reduced computational complexity.

3.2 The System Model

3.2.1 The MIMO System Model

This model assumes an uncoded conventional point-to-point MIMO system with M; transmit
antennas and M, receive antennas, denoted as M; x M,. It is further assumed that M, > M;

and where the received vector y with size M, x 1 can be denoted as
y = Hs + n, 3.1

where s = [s1,82,...,5 Mt]T denotes the transmitted symbol vector of size M; x 1 and each
symbol is modulated with a complex constellation based on M-ary quadrature amplitude mod-
]T

ulation (M-QAM). The received complex vector is represented as y = [y1, Y2, ..., yrs] Wwith

n=[n;,n,...,n Mr}T as the additive white Gaussian noise (AWGN) vector with elements of
independent and identically distributed (i.i.d) complex Gaussian noise. In addition, the complex
noise elements have a zero mean and a variance of ¢2. The channel H € CM™*M: hag iid el-
ements h;; ~ CA(0, 1) indicating the uncorrelated Rayleigh fading propagation environment.

An assumption is made that the CSI is perfectly known at the receiver side.
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3.2.2 The Tree-search Based Detection and K-Best Algorithm

The K-Best algorithm is a detection method that can be seen as an extension over the sphere
decoder (SD). If the search for an optimal detection is accomplished by a tree-search based
method, the K-Best algorithm performs a breadth-first search from the top to the bottom with
fixed K points at each level. The following section will give a brief introduction to the SD and

the tree-search, which will be followed by an explanation of the K-Best algorithm.

The MLD performs exhaustive searches over all the candidate vectors. Figure.3.1(a) shows an
example of the MLD search principle, where the red cross represents the received noisy signal
and the blue points denote the noiseless constellation set. The search is based on a calculation
of the Euclidean distances (ED) between the received signal and all the other candidate points.
Therefore it is proposed that the SD reduces the computational complexity by searching only
a subset of the constellations [64]. Figure.3.1 shows the principle of the SD where the con-
stellation points in the subset are selected inside a sphere with a pre-defined radius R and the
received signal is the centre point, with the detection result, which is obtained by comparing

the ED between the received signal and the points in the subset and it is written as [64]

Ssp = |ly — H8||* < Rgp. (3:2)
o o o o o ® o o o o
o o o o ° o o o
P o o O o o
e o o o o ® o 0o o o
() MLD - exhaustive search (b) SD - search within pre-defined sphere

Figure 3.1: Comparison of MLD and SD search principles

The detection search shown in Fig.3.1 can also be viewed as a tree-search problem, in which
the decision tree contains all the points in the constellation set as leaf nodes, and the search

starts from the top to the bottom. The tree pruning generally starts with converting the received
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symbols from a complex value into a real value form, which is given as

3(y) S(H)  R(H) | [S(s) 3(n)

= H;s, + ny, (33)

where J {-} denotes the real, and < {-} represents the imaginary part of the symbol vectors;
yr, H;, s,- and n,. are the real value vectors. Note that the size of the real vectors are doubled
over complex vectors after the conversions. Following the conversion, the QR decomposition

is applied on the real valued channel matrix, which comes to
H, = QR, (3.4)

where Q € R?Mrx2M jg 3 unitary real value matrix and R € R2M*2M: jg an upper triangular
real value matrix with entries r,,,,. By multiplying the nulling term Q’’ on the MLD equation,

the reformulation is represented as

SmL = argmin || Q' (y, — H&;)|?

Sr€$2Mt

= arg min HQHyr — QHQRérH2
sresM

= argmin ||y, — R&|?
s,es2M

2 M, 2M;

= argmin Z ’yrm Z"”mnsrﬂ (3.5)

Sr,n €SS M‘

where S; represents a real-valued constellation set. Note that y, = Qy, = RH”y,. Due
to R, is an upper triangular matrix with zero elements under the matrix diagonal, the search of
the closest lattice point as the optimal detection result in equation (3.5) can be transformed into
a tree structure search. Fig.3.2 shows an example of the expanded tree structure. The lattice
point tree contains 2M,; + 1 tree levels and tree level starts from 2M; 4+ 1 to 1. If we have
level m lies above the m-1 level, the nodes in level m are parent nodes and each node in level
m — 1 is a child node. Each parent node contains a number of /S, real valued child nodes.

The paths between parent nodes and child nodes are named as the partial Euclidean distances
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Figure 3.2: The K-Best detection tree diagram

(PEDs) between the lattice points. The PED of the level m can be represented as

2M,
PEDy, = PEDyyy1 + |frm — > Tmndenl, (3.6)

n=1
where PFE D,,, records the PEDs of both the previous level PE D, and the current level. In
the end, the path with the smallest acccumulative PEDs is chosen and the node points on this
path is sorted as the detection result. The computational complexity depends on the number of
nodes that were visited during the traversal. The MLD utilises the exhaustive traversal, which
calculates the acccumulative PEDs of each path and select the minimum one as the detection
result. The SD only visit the path with the accumulative PEDs that less or equal to R. The SD
reduces the computational complexity involved in detection from the reduction of the number

of nodes visit while keeps acceptable detection errors.

Two traversal approaches are utilized in the tree-structure in order to establish a detection re-
sult, which are depth-first and breadth-first. The depth-first approach is commonly utilised by
the SD, where the search moves from the top to the bottom repeatedly until the accumulative
PEDs meet the constraints. Once the search finds that the accumulative PEDs exceed R, it
moves backward to the parent node and tries the other branches, after which all the candidates
are stored and compared. Although the SD is an efficient detection algorithm, there are two
potential problems exist [46]: firstly, the choice of radius Rgp is significant to the overall per-
formance; hence, if the radius is set as a large number, the detection performance can only be
guarantee by sacrificing computational complexity. However, if the radius is small, the correct

transmitted signal is more likely to be neglected, which indicates an uncertain complexity of the
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SD. The second potential problem is that the sequential nature of the depth-first search limits

the wider applications of the SD in parallel hardware platforms.

The K-Best algorithm is a detection method which can be seen as an extension of the SD,
which aims to tackle the uncertain complexity and sequential nature problems. The breadth-
first search is considered in the K-Best algorithm, whereas, by contrast, the depth-first search
in the search of the K-Best algorithm is only one directional. The search at each level only
keeps K nodes with the smallest PEDs and the expansion of the child nodes follows these K
candidates. When the search reaches Level 1, the path with the smallest accumulative PEDs
is selected from the fixed number of candidates. The value K has significantly influenced the
detection performance and complexity, therefore, if the intention is to maximize the detection
performance, the K value should be set as a large number. In summary, the nature of a breadth-
first search shows that it has a fixed complexity, which not only reduces the searching candidates
but also make it suitable for the implementation with the practical hardware platform consisting

of very-large-scale integration (VLSI) or field-programmable gate array (FPGA).

Compared with the MLD, the computational complexity in the K-Best algorithm has been much
reduced. As discussed in Chapter 2, the detection of one vector in the MLD needs to search
Mrfwf possible vectors in MIMO systems, where M, is the size of constellation set and M, is
the number of receive antennas. However, the K-Best algorithm only needs K. As a result,

both the detection performance and complexity is determined by the choice of K.

After the introduction of the K-Best algorithm, the UB of the MLD will be introduced in the

next section, where the prediction of the K-Best algorithm will be based on it.

3.2.3 The UB of the MLD

The UB for the BER of the MLD is a simple, but widely used upper bound, which acts as
an indicator of the MLD detection performance by providing a theoretical approximation of
the error probability. It is tight especially at high SNRs [65,66]. The calculation of the UB
generally starts with the most basic element, the Pairwise Error Probability (PEP) which is

denoted as Pg._,./ . It indicates the probability that the receiver detected vector s;- but the vector
vy
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s; was actually sent. The Py _, o/ is formulated as
J

Psi—>s] P (Hy HSIHQ > Hy HSJHQ)
=P (||Hs; +n — Hs,[|* > |Hs; + n — Hs}|)
=P ([n)* > [n+H(s; —s}) |?) 3.7)

where (sz- — s;> is the difference between two signal vectors. If we have §; j = (si — s;)

then equation (3.7) can be transformed as follows

Psiosy =P (an > (n+Hoy)" (n+ H5z’,j')>

P(n n>n n+nHH5” +6;; /HHn+5H HHH5 )
P

(=6 HTHG; j > 2Re{n"HS; ;1}) . (3.8)

The 2Re{n"HJ; ;} is denoted by &; ;. As mentioned above, the noise vector n has Gaussian

distribution. Then we have the mean value of §; ;- is 0 and variance Ug_ s QUﬁdg,HH Ho; ;
7,7 g

We can formally define the conditional probability density function (PDF) of detecting s;- but

actually s; was send over channel H

51 HHHS, "27

slas

e

6{{].,HH H(Sz-’ i
Ig,

6HH HS; ;

\/202 SH HHHS,

l'lzj

I
O

3.9

where Q(-) is the Marcum Q-function. The numerator in equation (3.9) represents the euclidean

distance between vector s; and s j» under the given channel realization H, which is interpreted
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as

H yyH
dg, g = 0y HUHO,

= (si— )" H'H (s - )
= |[H (s; — s}) || (3.10)

According to equation (3.10), the PEP of one symbol vector can be calculated. The UB of the
MLD is sum of the mean PEP of all the candidate symbol vectors. The first step is to calculate
the mean PEP over i.i.d. uncorrelated Gaussian distributed channels. The mean PEP is given

as [66]

2

/

PEP,; =E{Q B
“o 202
(1 M'sz_:l M= 14\ (14 \F G.11)
B 2 k 2 ‘
k=1
where
Yi.j
R § 3.12
Mig =47 Py (3.12)
and
, M
10i,5711F 3= loga(Mn) o,
n=1 b
Yig = - No (3.13)
AM; 32 E (|snl?)
n=1
The UB of the MLD can be represented as
1\1t MMt

1 1
Pa = 41 M Z Z b(si:85)

D logy(Mn) T My =t i=tei#i

n=1 n=1

H(s; —s7)|2
xE{Q s — =5)1F (SQU;J)H } (3.14)

where ep(s;, s}k) is the number of bit errors between the vectors s; and s;.

Consequently, it is noticeable that the UB of the MLD includes all the error events in the

calculation. This comprehensive calculation provides an accurate estimation of the BER per-
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Figure 3.3: System diagram of the K-Best adaptive modulation scheme

formance in high SNR region. However, due to the high computational complexity, it is not
suitable for real-time implementation. In terms of the application in prediction of the K-Best
performance in adaptive modulation scheme, it needs simplifications, which will be introduced

in the following section.

3.3 The K-Best Algorithm with Adaptive Modulation Scheme

In this section, firstly an overview of the proposed adaptive MIMO system with the K-Best
algorithm will be given. Secondly, how the detection performance is affected by the channel
condition number will be investigated and thirdly a comprehensive introduction will be pre-

sented on the simplified UB with MED events method.

Fig.3.3 shows the block diagram of the MIMO systems with the adaptive modulation scheme.
Here, the transmitters are considered as users with either a single antenna devices or a device
with multiple antennas. The receiver is the device with multiple antennas using the K-Best

algorithm as the detector. The detailed description of the systems is given as follows:
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1. Measure the MIMO channel and the transmit powers: each transmitter will first trans-
mit pilot symbols to perform channel estimation. At the receiver, the channel estimation
module predicts the channel state information (CSI) according to the received pilot sym-

bols.

2. Estimate the error rate for different modulation scheme combinations: the adaptive mod-
ulation module computes the error probability using perfect CSI with different modula-

tion scheme set-ups for users.

3. Select the modulation schemes combinations: after the calculation of error probabilities,
the modulation combination reaches the target BER, which is chosen for the adaptive

modulation.

4. Feed back the chosen modulation schemes to users at the transmitter side: finally, the
combination of modulation schemes, which maximizing data throughput and still meets
the target error rate, is feed back to the users. The users then transmit data symbols
according to the feed back information. Note that this scheme is most suitable for the

channel with slow fading.

A simple example is presented to explain the principle of adaptive modulation scheme. Consid-
ered a single-input single-output (SISO) system with AWGN channel. The modulation scheme
can be utilized is quadrature phase-shift keying (QPSK) and 8PSK. The target BER for adaptive
modulation equals to 1073, In [25, 49], the error probability of QPSK and 8PSK are expressed

as

Popsk ~ Q (v/7) (3.15)
Pyps ~ 0.6660Q (\/ﬂsm (7r/8)) , (3.16)

where v denotes the SNR. As a result, based on equations (3.15) and (3.16), it can be calcu-
lated that the minimum SNRs to reach the 1072 are 10.35dB and 14.79dB respectively. Con-
sequently, when the instantaneous SNR of this system is between 10.35dB and 14.79dB, the
QPSK modulation scheme can be utilized. If the SNR is bigger than 14.79dB, the 8PSK mod-
ulation can be utilized. If the SNR is less than 10.35dB, the system can choose to transmit

nothing or use lower order modulation scheme.

However, the BER performance of K-Best detector in the channel with Rayleigh fading is more
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difficult to predict, since there is no closed-form expression of estimating it. Consequently, in
terms of utilizing the K-Best detector with the adaptive modulation scheme in MIMO systems,
a simplified prediction method is required for estimating the BER performance in different
channel conditions. In the following section, one of the channel quality metric, the channel
conditional number, will first be discussed. Then, the proposed simplified prediction scheme

will be introduced.

3.3.1 Influence of Channel Condition Number on Detection Performance

The propagation environment has a significant influence on the performance of the K-Best
detector. One of the channel quality metrics is the channel condition number, denoted as xy.
The calculation of ky starts from applying the singular value decomposition (SVD) of the
channel matrix, which is given as

H=UZV¥, (3.17)

where U is a M, x M; complex unitary matrix, V is a M; x M; complex unitary and ¥ is a
M, x M, diagonal matrix with non-zero real elements on the diagonal. The singular values of

matrix H are the diagonal entries of X, which is denoted as Ay. Then ky is defined as

o )\H,max

KH > 1, (3.18)

>\H,min

where Ag max and Ag min represents the maximum and minimum singular value. The singular
values are located in a decreasing order over the diagonal of ¥. If kg = 1, the channel is
considered as well-conditioned channel. In this case, the receiver can equalise the channel
without losing performance. When sy > 1, the channel quality deteriorates with an increasing
ky value. In [67], the authors provided simulation which shows how the xy influences the
detection performance of the linear detectors (i.e., ZF and MMSE). The interest here is the

influence of ky on the non-linear detectors such as the K-Best algorithm.

Regarding an uncoded point-to-point MIMO system with M; = M; = 4; the transmit signal is
modulated with a 16 — Q AM scheme for each transmitter and with the MLD and K-Best with
K =4,8,12,16 are adopted as the detection algorithm. Fig.3.4 illustrates how the BER of K-
Best is degraded by the increasing value of xy. In the case of kg < 10, only the MLD and K =
16 have an acceptable BER performance, which is below 1073. However, the performance

drops dramatically when xy > 10. Furthermore, the degradation in BER is significant in both
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Figure 3.5: System diagram of the K-Best adaptive modulation scheme
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large K values (e.g., K = 16) and small K values (e.g.,K = 4). Fig.3.5 plots the acccumulative
distribution function (CDF) simulation of kg for an i.i.d Rayleigh fading channel. This shows
that there is an approximately a 30% chance that kg > 10 and a 15% chance that kg >
15. The CDF result indicates that the high condition number channel events occur frequently,
which significantly affects the overall detection performance. Based on the characteristics of
channel observed in Fig.3.5 and the degradation observed in Fig.3.4, it has clearly shown that

the uncertainty of channel quality and its impact on the detection performance of the receiver.

The adaptive K-Best algorithm is proposed, since the main goal of the adaptive K-Best algo-
rithm is to combat influences brought by the varying channel conditions and that by selecting
feasible modulation schemes which fit the channel condition, the detection performance can

achieve the target BER.

3.3.2 The Simplified UB with MED

In adaptive modulation, one important step is to achieve an accurate prediction of the error
rate under varying channel conditions. It has been mentioned in [11] that with a sufficiently
large K value, the K-Best detector performs closely to the MLD, while in [65] it is shown that
the UB is a tight upper bound of the MLD. As a result, the approximation of the K-Best error
probability employs the UB of MLD for each channel realization. However, equation (3.14)
has shown a high computational complexity that is not suitable for practical implementation of
the adaptive modulation scheme. For example, if a 4 x 4 MIMO utilizes 64-QAM scheme, the
UB needs to calculate 64* PEPs, where each PEP averages over 64 pairs of vectors, which is a
very high computational complexity. Therefore , approximation needs to be accurate and with
less computations. The simplified approximation method of the error probability is proposed
to overcome the high computational requirement while maintaining a high level of accuracy.
The simplified approximation uses only the MED events for the calculation of the PEP if com-
paring with the conventional UB of the MLD. The MED events indicate error events of the

constellation points that are at a MED from the transmitted symbols. The MED is expressed as

dpin =  min  |[s—§'||. (3.19)
sEM,{VIt&sgés’
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In order to compare with the non MED events, the MED events have a relation of

Q5 <oy (3.20)
n n

In equation (3.20), the reason for the MED events having higher probabilities than the other
error events is because the Q-function is a decreasing function of the Euclidean distance. Since
the MED events have significant influence on the overall error probability approximation, the
simplified UB utilizes MED events in the PEP calculation in order to obtain a rough approxi-
mation of the full UB. If the set Aygp denotes the subset of the constellation points with the
MED to the transmit signal, then it is clear that Ayigp is much lower than the full constella-
tion point set. Also, the lattice space of Aygp is also smaller than the full constellation point
lattice space. Therefore, the proposed simplified UB approximation of the K-Best algorithm’s

performance is derived as

1 1 Y AmEeD

PubMED = -1 " Z Z €b(Si> SmeD)
Zlogz( )HM i=1 MED=1

XE{ <\/”H SMED)” +ASNR>} 3.21)

where Py, mep denotes the error probability approximation using the UB with MED events

only. By comparing Equation (3.14) and (3.21), we can find that the utilization of Aygp has
much reduced the computational complexity of UB. The utilization of closest error events has
reduced the computational complexity from MM to Aygp, which is approximately 94% to
99.8% of the error events are neglected. This reduction is important for enabling the proposition

in real-time error performance prediction.

Although the UB approximations with the MED events are not tight enough to yield an accurate
approximation, it has the same PEP trend in the high SNR region. The gaps between the UB
with MED events and the full UB in SNR are estimated as error rate corrections for the use
in the adaptive modulation algorithm. Therefore, if the SNR gap is denoted as ASNR, it is
represented as

ASNR = ASNRuyg + ASN Rypest - (3.22)

The estimation of the ASN R value starts from setting the modulation combinations, which
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indicates the combinations of the possible feeding of modulation schemes to different users.
Then the channel condition numbers xy are divided into different groups with small value
intervals based on the CDF of xy. Finally, the ASN Ryp between the simplified UB and the

full UB within each group of xy are estimated and recorded.

Compare with single-input single-output (SISO) systems, the estimation of ASN Ryp is diffi-
cult in MIMO systems. In [68], the author mentioned the error probability estimation method
based on the closest error events in SISO systems. As a single antenna is utilised in both
transmitter and receiver, the received signal and channel are all scalars;thus, the distances be-
tween signals when calculating union bounds multiplies a scalar rather than a matrix in MIMO
systems. As a result, the smallest error events definitely dominate the UB calculation. Further-
more, the distance between the transmit signal and its neighbouring points will not be changed
after passing through channels. This is the reason why closest error events in SISO systems are
reliable when estimating the error probability in them. However, the channel becomes a matrix
in MIMO systems, which adds much uncertainty and influences to the error probability estima-
tions. Here is a simple examples containing several random channel realizations, which aims
to give an impression of error events calculation in MIMO systems. An uncoded point-to-point
MIMO systems may be considered with M; = M; = 2 in which the BPSK modulation scheme
is utilised in the system for simplicity. Parts of the possible transmit vectors are selected and
given as follows

1—1

1—1

-1+
-1+

-1+
141

—1+i
1—i

141
1—1

Scb =

where the columns of s., are named from s; to s5;. Because the dz, _,o dominates the UB,
iS5

it is of interest to see how the d?

< _« 1s influenced by the channel matrix with different ry.

j
The squared distance between s; and the rest of the four vectors are 4, 8, 12, 16 respectively.
The following table shows the impact on distance when s; is transmitted through four different

channel realisations. Table 3.1 shows the distance changes in four different channel realisations,

Original distance | Channel 1 | Channel 2 | Channel 3 | Channel 4
d;%s’z 2.1445 11.2174 13.8237 22.3411
d;%sg 8 4.2889 22.4349 27.6473 44.6823
d§1—>sg 12 58.1617 45.9433 6.1513 32.3765
dzl—mg 16 90.8377 160.3259 | 74.4302 7.9302

Table 3.1: Cases of d>

S;—s
e
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which are given as

H —0.1792 + 0.2255¢  0.4377 — 2.7430¢
1 =
0.2259 — 0.6341¢  0.4938 + 2.7395¢
H 1.2608 + 0.8006¢  2.7421 — 2.0351¢
9 =
—0.5512 + 0.5197¢ 0.6471 + 1.0565¢
- 1.1239 4+ 0.3740: —0.6434 — 1.8919:
3 =
0.0737 — 1.4309: —2.6654 + 1.2026¢
1.4580 — 1.2397¢  —1.8630 + 2.1348:
—0.6280 4+ 1.23637  0.7278 — 1.36261
In channel 1, both dz , and d3 ., are reduced and the closest point is still the smallest
1*)52 51%52

distance. However, in both channels 3 and 4, the error events, which are not the closest point
before transmission, have the smallest distance after passing the channels. The results indicate
that the MED events might not always have the smallest distance in every channel realisations
of MIMO systems. But, referring to the calculation of UB, which considers average distance
over many channel realisations, the MED events still provides precise prediction of the error

probability. Table 3.2 shows the average distance values over 10,000 channel realisations. It is

IR : )
Original distance | E[dZ _>s/2]
dgﬁsg 32.1391
2
dsﬁsg 8 64.2781
2
- 12 96.1996
7
. 16 128.3895

. 2
Table 3.2: Cases of average dsi s,
noticeable that the closest point before the transmission still has the smallest average distance

which dominates the union bound calculation.

The other key point is to estimate the gap between the K-Best algorithm with different K
value configurations. Although a large K value leads to a quasi-MLD performance, under
well conditioned channels, small K values can also be used to obtain optimal result with fewer
computations. Therefore, small K value cases are included in the adaptive scheme. The perfor-

mance gaps ASN Ryest are estimated so that the simplified UB is able to predict the K-Best
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algorithm with different K values. The accurate predications of error probability are based on
the above two performance gaps. An LUT can be built with ASN R under different channel

conditions, therefore the LUT is crucial to the adaptive modulation scheme.

As mentioned above that the uncoded MIMO system is considered in this study. However, the
proposed scheme can be extended to coded MIMO systems. LUTs of ASN R can be estimated
and recorded which target to different coding schemes. Consequently, the proposed adaptive

scheme can choose the corresponding LUT for BER performance analysis.

3.4 Simulation Results

In this section, the simulation results are given on performance of the K-Best algorithm with the
adaptive modulation scheme. The first step of simulation was to build the LUT of ASN R; and
ASN Rypest. For the estimations of ASN R, simulations have been made on a 4 x 4 MIMO
systems; there are four users at the transmitter and the receiver has four antennas with the K-
Best SD algorithm as detector. The M,-ary QAM modulation scheme is used in the simulation
with M = 4,16. Based on the CDF of kg, it has been divided into eight groups with interval
value of 5 from kg = 1 to kg = 40. For example, group 1 is from kg = 1 to kg = 5, and
group 2 is from kg = 6 to kg = 10 etc.. Within each group of kg, there are a minimum 10,000

of randomly generated channel realizations that have xy distributed within the range.

Fig.3.6 shows an example of how the ASN Ry between the UB with MED events and the full
UB are constructed. The figure shows the BER performance as a function of SNR of the fully
calculated UB versus the UB with MED events only. The BER curves of these two bounds
are consistent with fixed SNR gaps between each other. With the target BER as 1073, the
ASN Ryg values between the full UB and the UB with MED events have been estimated.

Fig.3.7 shows an example of how the AS N Ry,.s; Was estimated between the UB using only the
MED events and the K-Best algorithm with different K values within different kg value ranges.
It is clear that with larger K values, the K-Best algorithm will produce a better performance.
The reduction of the performance of the K-Best algorithm with different K values at the target
BER were estimated. In the simulation, there were a total MM = 65536 possible transmit
vectors and for each vector, the subset Ayrp approximate ranges from 2?4 to 8. Compared to
the full UB with the set 16%, the proposed scheme can reduce the computation between 94% to

99.98% by utilizing the closest points in the UB calculation.
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Figure 3.6: The UB with MED events and the full UB, in MIMO with M, = M, = 4, 16-QAM
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Figure 3.7: The UB with MED events versus the full UB and K-Best with different K values,

in MIMO systems with M, =

M, =4, 16-0AM, 35 < k < 40. The K values are

K =8,12,16
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Figure 3.8: BER of the K-Best with adaptive modulation scheme versus the MLD and K-Best
with different modulation combinations, in MIMO systems with M; = M, = 4 and
modulation combinations listed in Table I.

Table 3.4 is built with the ASN Rypest covering eight different ranges of xy values. Note that
the number (1) to (8) in Table 3.4 represents eight different combinations of modulation scheme

in a4 x 4 MIMO systems, which is given as

Groups | Combinations

(1) 4 x 4 — QAM

(2) [16,4,4,4] with K = 16 for 16-QAM and K = 4 for 4-QAM
3) [16, 16,4, 4] with K = 16 for 16-QAM and K = 4 for 4-QAM
4) 4 x 16 — QAM with K = 16

(5) 4 x 16 — QAM with K = 12

(6) 4 x 16 — QAM with K = 8

Table 3.3: Notes of combinations in LUT

The ASNR values of the K-Best algorithm for both small and big K values are similar for
small values of xkyg. This indicates that with the well-conditioned channels, the K-Best algo-
rithm can use small K values in order to reduce computational complexity. In the case of large
value of kg, the difference of ASN R with different modulation configurations becomes signif-

icant. The performance degradations caused by high g is obvious in higher order modulation
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schemes with small K values.

Fig.3.8 shows the BER performance of the K-Best adaptive modulation scheme versus the
MLD and the K-Best algorithm. For the users at the transmitter side, there are six different
modulation configurations to select according to the channel conditions in adaptive modulation
scheme, following Table 3.3. The target BER is set to BER, = 1073. For each channel
realization, the predicted performance of different modulation combinations will be calculated
with the simplified UB and the pre-recorded LUT. In Fig.3.8, it can be observed that the K-Best
algorithm has similar performance with the MLD. Additionally, the K-Best with the adaptive
modulation scheme follows the BER of 4 x4-QAM modulations until the SNR is approximately
11dB. When the SNR is greater than 11dB, the BER performance of the K-Best algorithm

fluctuates around B E R; with higher data rate than the fix modulation configurations.

KH A1 6| @6 | ©

I~5 033|166 | 1.66 | 143 | 143 | 1.43
6~10 | 040 | 2.24 | 233 | 2.20 | 2.20 | 2.20
11~15 | 0.46 | 2.40 | 2.65 | 2.60 | 2.60 | 2.60
16~20 | 0.50 | 2.50 | 2.80 | 2.75 | 2.75 | 2.85
21~25 |1 055 ] 2.62 | 290 | 2.82 | 2.84 | 3.10
26~30 | 0.55 | 2.65 | 2.96 | 291 | 3.02 | 3.52
31~35 | 0.60 | 2.65 | 3.00 | 2.94 | 3.15 | 4.61
36~40 | 0.60 | 2.70 | 3.05 | 2.96 | 3.40 | 5.46

Table 3.4: LUT of ASNR (dB)

3.5 Conclusion

The K-Best algorithm with adaptive modulation scheme was proposed in this chapter. A sim-
plified approach was given to approximate the error probability with the minimum Euclidean
distance events considered only. By estimating the performance gaps between the conventional
union bound and the simplified union bound, accurate predictions were made on the BER per-
formance of the K-Best algorithm with far fewer computations. From the simulations, the adap-
tive K-Best has guaranteed the BER performance with an approximately 94% to 99% reduction
of computations compared with the conventional union bound in one search iteration. Future

work will consider the performance in the cases of imperfect CSI and correlated channels.

The receiver side of MIMO systems is computation intensive, which scales with the number of

antennas at the transmitter side. As a result, research in detection algorithms is accompanied

59



Performance Analysis of the K-Best Detector with Adaptive Modulation

by the development of MIMO systems. However, with the proposition of massive MIMO
systems, the design of receivers is less challenging compared to the difficulty that the transmitter
side faces. Massive MIMO system deploys a large array of antennas at base station (BS),
usually hundreds or even thousands, to serve tens of single-antenna user equipments (UEs).
Following the scale up of antennas, the random channel becomes more deterministic, which
leads to the adaptation of simple linear detectors that can achieve a good performance. A
detailed introduction to the benefits that brought by massive MIMO systems will be presented

in the following chapter.

The pilot contamination issue arises with the proposition of massive MIMO systems [69, 70].
To be more specific, the pilot sequences utilised in training-based uplink channel estimation
can not all be orthogonal with each other under a limited coherence interval. As a result, the
reuse of orthogonal pilots across different cells becomes a straight forward solution. However,
the pilot reuse scheme causes inter-cell interference, which significantly influences the quality
of CSI and constantly limits the overall performance of massive MIMO systems. In the next

chapter, an uplink codebook design will be proposed to eliminate the pilot contamination effect.
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Chapter 4

Achievable Rate Performance of TDD
Multi-cell Massive MIMO with
Non-Orthogonal Pilots

The advantages that offered by multiple-input multiple-output (MIMO) systems were discussed
in Chapters 2 and 3. Basically, thanks to the deployment of multiple antennas at both the trans-
mitter and receiver sides, the throughput was shown to be much enhanced, even under the
channel with fading, interference and limited bandwidth conditions. However, signal process-
ing complexity increases exponentially with the number of antennas deployed, especially at the
receiver side. By thinking through both the advantages and challenges offered by the MIMO
systems, various questions occur to researchers, such as, if the MIMO systems was scaled up,
would it offer further advantages or would it create greater problems? After scaling up the
system is named massive MIMO, or large-scale antennas MIMO systems, which was first in-
troduced in [71] and studied in [72]. In the following four years, much literatures focused on
the performance analysis, propositions for schemes involving both uplink and downlink trans-

missions and system optimizations.

This chapter describes an uplink pilot codebook design method for the multi-cell massive
MIMO systems with time-division-duplex (TDD) operations, which aims to eliminate pilot
contamination and increase the downlink achievable sum rate. Basically, the idea behind the
proposition is to treat the pilot codebook design as a problem of optimal line packing in a
Grassmannian manifold. A closed-form downlink achievable sum rate expression is proposed
to demonstrate how the system performance is influenced by the cross-correlations between up-
link pilots and the number of antennas at base station (BS). The simulation results have verified

the proposition by comparing it with the pilot reuse scheme.

The chapter will be organized as follows: Section 4.1 will explain the purpose of this chapter,
then it will offer a brief literature review of the massive MIMO systems. Section 4.2 will fo-

cus on the system model. Section 4.3 will explain the proposed downlink achievable sum rate

61



Achievable Rate Performance of TDD Multi-cell Massive MIMO with Non-Orthogonal Pilots

results. Section 4.4 will introduce the pilot reuse scheme and followed by the introduction of
Grassmannian line packing (GLP) and its application for uplink channel estimation in Section
4.5. Finally, Section 4.6 will demonstrate the simulation results, together with the correspond-

ing analysis, and it will also bring the chapter to a conclusion in Section 4.7.

4.1 Introduction

The massive MIMO systems are an advanced cellular network architecture that is regarded as
a promising technology for the fifth generation of mobile communication technology standards
network (5G) [71,73-75]. Compared with the conventional multi-user MIMO systems, a large-
array of antennas - i.e. hundreds or even thousands -has bee designed to be deployed at BS
in the massive MIMO systems, which offers high data rate and robustness to tens, or even
hundreds, of single-antenna user-equipments (UEs) within the same time-frequency resources.
The utilization of excess antennas has solved many difficult technical issues and brought extra

advantages, which will be described as follows:

o Firstly, the size of the channel matrix is enlarged along with the array of antennas, where
the random matrix theory can be utilized for the analysis of channel characteristics. The
channel gains inside the channel matrix tend to be pair-wisely orthogonal by utilizing the
law of large numbers in the random channel matrix theory, which is considered to be a
favourable propagation environment. As a result, the system capacity can be maximized
under a desirable environment. Moreover, simple signal processing techniques, such as
linear processing can achieve optimal performance in both uplink channel estimation and

signal detection with much reduced computational complexity.

e Secondly, the massive MIMO systems guarantee high multiplexing gain. As long as the
distance between antennas is large and rich scattering exists in the environment and sig-
nals will pass through channels with independent fading. Thus, the spatial multiplexing

gain can be dramatically enhanced, which will increases the capacity significantly.

e Thirdly, the massive MIMO systems provide promising robustness. In LTE systems,
there are typically 4 to 8 antennas at deployed at the BS [59], where the failure of one
antenna unit may significantly influence the system performance. However, the massive
MIMO systems deploy hundreds or even thousands of antennas, which do not suffer

much overall impact on the whole system with the case of one or two antenna failures.
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The benefits that are offered by massive MIMO systems relies heavily on an accurate channel
estimation. For the detection at BS, channel state information (CSI) is required if the linear de-
tection algorithms are utilized [9]. For beamforming, the deployment of more antennas means
narrower beams, where the high quality CSI plays an important role in beamforming. Re-
cent literature has focused on the research of channel estimation in both TDD and frequency-
division-duplex (FDD) based massive MIMO systems [76-79]. However, TDD operation is
preferred in massive MIMO systems because of channel reciprocity, where the training over-
head depends only on the number of UEs rather on than the number of antennas at the BSs

[27].

Pilot contamination is a common phenomenon that exists in the multi-user system with TDD
operation, but it has become an issue that fundamentally limits the capacity of massive MIMO
systems. In a pilot-aided uplink channel estimation, each UE should be assigned with an or-
thogonal pilot sequence, and pilot codebook is known by the BSs. Based on this known pilot
codebook, the BSs estimate the CSI of the UEs in their home cell by various algorithms. How-
ever, in multi-cell systems, the allocation of orthogonal pilot sequence to each UE is impractical
with a limited length of the coherence interval. Consequently, a common solution is to allocate
orthogonal pilot sequences to a fraction of the UEs while the remainder are designed to reuse
these pilots, this is known as pilor reuse scheme. If the BS receives the same pilot sequences
from different UEs, it may degrade the accuracy of channel estimation, whereby this effect is

known as pilot contamination phenomenon.

Related work: Following the initial idea massive MIMO systems, the researchers focused on
the study of system capacity and performance analysis. In [70], the researchers provide a gen-
eral overview and analysis of research directions in massive MIMO systems. Experimental
results were based on the testbed with 128 BS antennas serving 4 UEs in a single-cell scenario,
which shows a good performance of spectrum efficiency. A discussion of the optimal num-
ber of BS antennas is provided in [80]. The expressions of achievable sum rate for multi-cell
massive MIMO systems were proposed with various linear precoders and detectors. The re-
searchers believe that the deployment of the minimum mean squared errors (MMSE) algorithm
for detection and zero-forcing (ZF) for precoding would perform better than the maximum ratio

transmission (MRT) and eigenbeamforming.

In [81], both the spectrum and energy efficiency of massive MIMO systems have been inves-

tigated. The deployment of a large BS antenna array has been shown to provide a significant
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increase in spectrum efficiency. However, the authors only considered small-scale fading and
no large-scale fading in the simulations. The closed-form expressions of downlink achievable
sum rates in the massive MIMO are proposed in [82]. The optimization of per UE rate, also
known as “fairness”, was implemented based on the proposed expression. However, the prob-
lem was that closed-form expression did not clearly show how the rate was influenced by pilot

contamination.

Because the pilot contamination phenomenon is considered to be a principle factor that limits
the system performance, numerous propositions were proposed to eliminate it. The existing
channel estimation techniques in the massive MIMO system can generally be categorized into
two schemes: (i) pilot-aided, and (ii) subspace-based schemes [69]. In [79], a detailed analysis
is given regarding how the pilot contamination in the uplink influences the downlink achievable
rates. Based on the proposed rate expression, the researchers believe that the rate will be satu-
rated due to pilot contamination. Therefore, a downlink precoding scheme aiming at reducing

both intra-cell and inter-cell interference was proposed.

In [83, 84], the pilot codebook was divided into several subsets while UEs were divided into
cell-centre and cell-edge groups according to path-loss and shadowing. Following the division,
one subset was reused and the remaining subsets were assigned to the remaining UEs. This
pilot allocation improved the quality-of-service (QoS) of cell-edge UEs with the rate decrease

of reused UEs as a compensation.

In [85] the researchers examined the covariance between the desired and the interfering UE
channels because the channel estimation performance depends on the overlapping condition
of their dominant subspaces. The pilot contamination was much reduced under the condi-
tion of limited angle of arrival at BS. In [86], an analysis was made on the allocation of UEs
with a given number of antennas and coherence intervals. Other than the conventional pilot
reuse scheme, the researchers in [87] first proposed the design of the pilot codebook with GLP
method under the condition of not sufficiently large training section. In [88] the generalized
welch bound equality sequence design was proposed. However, only a single-cell case was
considered, while a multi-cell case is considered in [89]; the authors make an invalid assump-

tion about power control.

Contributions: In contrast with pilot reuse schemes, this chapter has focused on the GLP based

pilot codebook design. Although it is not the first time GLP has been applied to eliminate pilot
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Figure 4.1: Single-cell diagram of massive MIMO systems with K single-antenna UEs and a
large array of M antennas at BS

contamination, the aim of this chapter is to provide a comprehensive analysis of the downlink
achievable rate improvements the system offers. Closed-form expressions of downlink achiev-
able rate are proposed for both single-cell and multi-cell massive MIMO systems with TDD
operations as these have clearly shown how the pilot contamination and BS antenna number
influences the system’s performance. Additionally, the closed-form expression of multi-cell
massive MIMO systems with pilot reuse scheme for training sequence scheduling is proposed.
Comparisons were made with conventional pilot reuse scheme and the numerical results showed
that the GLP-based pilot design outperformed the pilot reuse scheme thereby bringing large

gains in the system throughput.

4.2 System Model

4.2.1 Single-cell Massive MIMO System Model

A more general single-cell case without considering uplink power control is introduced before
the multi-cell model. Consider a single-cell massive MIMO cellular network as illustrated
in Figure.4.1, where a central BS equipped with an array of M antennas serving K single-
antenna UEs. Note that M > K. A block-fading channel is considered and the channel
vector from UE i to the BS can be represented as /3;h;, where 3; represents the large-scale
fading coefficient that models the effect of path-loss and shadowing; h; represents the small-

scale fading and vector contains independent and identically distributed (i.i.d) random variables
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where h; € CN(0,1,/). It is assumed that the channel model //3;h; remains constant during

one coherence interval.

4.2.1.1 Single-cell Uplink Channel Estimation

The single-cell uplink transmission starts with UEs sending their own training sequences to
their home cell BS simultaneously. The UE 7 will be assigned a pilot sequence vector s;, where
s; € C™! has a length of 7 samples and E[|s;|?] = 1. The correlation coefficient of pilot
sequences between the UE 7; and the UE ¢5 is given as

2 A\ JH 2
pi1,i2 = ‘Sil Si2| ’ (41)

where in the perfect orthogonality condition it has

2 _ 07 Zf il 7é Z-2 (42)

1, if i1 =i

pil,iz

Non perfect orthogonality is considered in the system model, where the possible factors of
orthogonality loss are the utilization of finite precision analog to digital converters (ADCs)or
digital to analogue converters (DACs) at transmitter or receiver side. As mentioned in [70, 71],
a large number of cheap antennas will be deployed at the BS in the massive MIMO systems.
The finite precision devices might brings quantization noises, which causes the imperfect or-
thogonality between pilot sequences. The average impairment exists in both GLP-based uplink

codebook and pilot reuse scheme, which is expressed as

0.01, if i1 1o
E [0} ,] = (4.3)
0.99, if i1 =i

It is assumed that UEs send their uplink pilot sequence simultaneously to the BSs, where the

received signal at BS 7 is expressed as

K
y =Y 1/PiBSkhy + 1y, 4.4
k=1

where y € C™™*1 s the received signal; p}, denotes the uplink transmit power; n; € crMx1
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represents additive white Gaussian noise (AWGN) at the BS with elements ny, € CA(0, 0[21 Inr)s
S;. € C™M*M denotes the matrix including the pilot sequence from UE k to BS j and Sy, =
sk @ Ins. Once the BS receives the uplink training sequences, the least-squares (LS) method is

applied for estimating CSI [90], where the estimated CSI of UE 7 is represented as

N 1
h; = —S/Ty
V' P;
1 K
= VBihi + — Py Brpixhy +Sin; | 4.5)
—— /D ; '
desired CSI

interferece & noise

Equation (4.5) shows that the channel estimation result consists the desired CSI and interfer-
ence. The intra-cell interference exists if K > 7, where p; ,, # 0. Otherwise, if the assigned

pilots are all orthogonal, the intra-cell interference vanishes and only thermal noise is left.

4.2.1.2 Single-cell Downlink Transmission

Recall that reciprocity in the TDD operation leads to a downlink transmission utilizes the esti-
mated CSI in uplink training. The maximum ratio transmission (MRT) scheme is applied for

downlink precoding [91], where the received noisy signal for UE i is expressed as

K
ri =Y \/piBinf by + 2, (4.6)

k=1
where pf is the downlink transmit power; \/j3; hf{ denotes the downlink CSI, which utilized the
uplink CSI; z; represents the AWGN and z; € CN(0,021;); o, represents the data symbols

streams to UE k and tj, is MRT linear precoding vector, which is expressed as

_ g
[[hy||

ty “4.7)

4.2.2 Multi-cell Massive MIMO System Model

Consider a multi-cell massive MIMO cellular network with TDD operation, where multiple
central BS equipped with an array of M antennas serving K single-antenna UEs and is illus-
trated in Figure.4.2. Note that M > K. A block-fading channel is considered and the channel

vector from UE i in cell j to the BS [ can be represented as /f3;;:h;;;, where (3;;; represents
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Figure 4.2: Cell diagram of massive MIMO systems with L cells, K single-antenna UEs and a
large array of M antennas at BS

the large-scale fading coefficient that models the effect of path-loss and shadowing; h;;; repre-
sents the small-scale fading and vector contains independent and identically distributed (i.i.d)
random variables where h;;; € CN(0,Iys). Tt is assumed that the channel model +/ Bijihij

remains constant during one coherence interval.

4.2.2.1 Multi-cell Uplink Channel Estimation

The multi-cell uplink transmission starts with UEs sending their own training sequences to their
home cell BS simultaneously. The UE i in cell j will be assigned a pilot sequence vector s;;,
where s;; € C™*! has a length of 7 samples and E[|s;;|?] = 1. The correlation coefficient of

pilot sequences between the UE ¢; and the UE i5 in cell j is given as

2 A H 2
Pirjisg = [SirjSiail™ 4.8)

where in the perfect orthogonality condition it has

07 Zf il 7& i2

1, if i1 =i

Pijing = 4.9)

It is assumed that UEs send their uplink pilot sequence simultaneously and the BS received the

uplink pilot sequence from both the home cell and the other L — 1 cells synchronously, where
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Figure 4.3: Cell diagram of massive MIMO systems with L cells, K single-antenna UEs and a
large array of M antennas at BS

the received signal at BS j is expressed as

Z\ / pkjﬁkz] ]Skjhk],]+z Z\/ pklﬁkl ]Sklhkl,] +n;

I#7 k=1
cell j other L—1 cells
L K
= Z Z \/ PPt jSkihg; + nj, (4.10)

=1 k=1

where y; € C™™>1 s the received signal; p};j denotes the uplink transmit power; n; €
CcTMx1 represents additive white Gaussian noise (AWGN) at the BS with elements ny; €
CN(0,021pr); Sk; € C™M*M denotes the matrix includes the pilot sequence from UE k to BS
jand S; = s; ® Ins. Once the BS receives the uplink training sequences, the LS method is

applied for estimating CSI, where the estimated CSI of UE ¢ is represented as

1

SZ]y.]
\/pij
=/ Bijhij;+ —— \/> Z \/ P Brj,iPij ki s +ZZ Y PraBri,jpij kil j +Sm n;
p;

k#i 1#7 k=1

hi;; =

(4.11)
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Equation (4.11) shows how the correlation between uplink training sequences influence the
accuracy of estimation result. If there is no pilot contamination exists, the desired CSI is only
affected by thermal noise. However, due to the limited coherence interval and large number
of UEs, pilot contamination is difficult to be eliminated. Therefore, an uplink training scheme

with mitigation of the pilot correlation becomes important to the system.

4.2.2.2 Multi-cell Downlink Transmission

It is assumed that the estimated CSI in uplink training is utilized in downlink transmission
because of channel reciprocity in TDD operation. The MRT scheme is applied in downlink

precoding, where the received noisy signal by UE i in cell j is expressed as

K
_ d
Tijg =1/ pijﬁijd zg,g Z 5.9 tijjTijj +Z Z \/ pllﬁw lhz] CrLITRLL 205
k=1

I#5 k=1
cell j other L—1 cells
L K
_ d H
= Z Z \/pij,l5z‘j,zh,~j,ztkl,zﬂckl,z + Zij, 4.12)

=1 k=1

where pgj is the downlink transmit power; +/3;; ; hg j denotes the downlink CSI, which utilized
the uplink CSI; z;; represents the AWGN and z;; € CN(0, a\?vIM); T, represents the data

symbols streams to UE k in cell [ from BS [ and tj;; is linear precoding vector where t;;; =
lilkl,l
el

4.3 Downlink Achievable Sum Rate

4.3.1 Single-cell Massive MIMO Achievable Sum Rate

As mentioned above, the law of large numbers in random matrix theory is utilized in analysing
the characteristics of the massive MIMO channel, which defines the asymptotic orthogonality
between channels because of the utilization of a large antenna array at the BS. If the assumption

is made that the number of BS antennas increase to infinity, the following results, known as
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asymptotically favourable propagation environment [27, 81, 88], is expressed as

1 0, ifi#j
lim Mhﬂhj = (4.13)
1, ifi=j.

The results in (4.13) can be applied to simplify the denominator of downlink precoding vector

|| hy]|, where

by | = \/HfliHQ = \/fl?ﬁz-. (4.14)

The term h h; can be simplified as

leHflz (Z \/mpz ny Py + SHHJ)

7» n11

Z Z /P B P B i Pin B B, + = Z \/ P, B i L ST

1n11n21 anl

+ Z \/ P2, Brs P S, + —nHS STn, (4.15)

’ngl

(Z \/ o BraPinsBng +S; ng>

ngl

Then, E||h'hy]| is expressed as

PN 1
El!hf{hzll = Z Z \/pnlﬁm \/pngﬁnzpz n1Ping [hghnz] + EE [nﬁsisfnj}

lnl 1no=1
K

1
“oars b3 et Bm]
1

ni=na7#i

K
+ > \/p%lﬁm\/p%ﬂmm,nlpi,nQE[hfflhn | +E [tr(S{n;n] S)])

ni#ng

K
=M (pl > (PhBupi, + 02)> = Maj,. (4.16)
i p=1

The UE received signal can be derived into the form of the desired signal plus the effective
noise, where the effective noise includes the intra-cell interference and thermal noise [79]. Let

gi = /piB:hlt;, then the received signal of UE i is represented as

ri = Elgi]ws + 2, 4.17)
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! . . .
where z, represents the effective noise and is expressed as

K
z = (g — Elgil)ai + | D gee | + 2. (4.18)
ki
The expression of received signal in (4.17) and the effective noise in (4.18) follows the methods
proposed in [79,92,93]. It is assumed that for pilot-aided channel estimation, each estimated
instantaneous CSI is known by the BS. It is also assumed that the UEs know the expectation
of channel E[g;] not the instantaneous CSI. It is because the distribution of channel is straight-
forward to calculate. Refer to the instantaneous CSI, as the assumption has been made on
single-antenna UEs, the CSI between one UE and BS is a scaler. Consequently, for the detec-
tion of downlink signal at the UE side, the CSI is not as important as the detection in MIMO
systems. Following these assumptions, in [80], an ergodic downlink achievable rate of UE i is

proposed, which is given as
d T d
R; = (1 - T) logy (1+75)

(E [0f't:])" Bip!

K
Var [ht;] Bip? + Z#E IhZt,,|? Bipd, + 0B
m=1

= (1-7)togz | 1+ . @19

where ~; denotes the downlink SINR of UE ¢, and Var [hfl ti] is defined as Var [hfl ti] =
E| (hff t,— E [h{{ tl]) |2. Based on equation (4.19), the following theorem is proposed with a

closed-form expression of downlink rate in single-cell massive MIMO system.

Theorem 1. Consider a single-cell massive MIMO system with TDD operation utilizing LS
method for uplink channel estimation and MRT method for downlink precoding, the following

rates are achievable for UE i in downlink transmission

RY = (1— 2 ) log, (1+ ) (4.20)

where v¢. denotes the SINR of UE i. The closed-form expression of SINR ~¢ is proposed and
71] %

expressed as
MgZpf

v

)

d K Mﬁiplfp?n,i J 2

ai,n Blp@ + E 1 + pznam n /B”me + Uw
m##i ’

, 4.21)
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K

with o = > z% (571/)12,” + UVQV).
n=1""
Proof. See Appendix. O

The proposed closed-form expression can be utilized to study the downlink throughput of
single-cell massive MIMO system. The more important feature is that it clearly shows how

the number of BS antennas and intra-cell interference limits the system throughput.

4.3.2 Multi-cell Massive MIMO Downlink Achievable Sum Rate

The result of the asymptotically favourable propagation environment can also be applied in

deriving the downlink achievable sum rate in multi-cell scenario, which is expressed as

0, ifi#k
h{;{jhkj,j = (4.22)
1, ifi=*k.

1
lim —

The results shown in (4.22) are the channel of UE ¢ and UE & in cell j. It can also be extended

into multi-cell case. Following this result, the term ﬁg jflij,j is simplified as
1 L K a
CH T T
hjjjhij; = ——= D> P Bt iPigmin By + STy | X
\/plj li=1n1=1
1 L K
/ T
u Z Z pgbglglgnzlmjpij,mlzhnzlzJ + Sijnj
Pij \lo=1np=1

L K L K

1 H
_ E E ' E E u . u . . )
= pT \/pn1l1 ﬁmlld \/pn2l2Bmlzﬁplj,nlllpw,nzlzhnlll,jhnzlzd

i [, =1n1=1ly=1no=1

1 &K
u H T
T T Z Z pnlllBnlllyjp’ij7n1l1hnlleSZ‘jnj
Pij Lh=lni=1
1 & '
H H T
+ U Z Z plrlzglgﬁnzb,jpij,ngbnj Sijhnzlg,j + —n; SijSijnj (4.23)

73



Achievable Rate Performance of TDD Multi-cell Massive MIMO with Non-Orthogonal Pilots

H

Consequently, E”flzj’ jflij,j || can be simplified as

E|[hf] jhy; )

K L K
1 1
— B . E u 2 E E u .2 2
- 'BU:]M + u pnljlﬁnljyjpij,nle =+ u pnlllﬁnllh]pij,nﬂlM =+ MO-
) n1=n27éi v l1=l275j ni=n2z

Pijj 133 21

L K
1
=M ( Z Z (p%zﬁnlpz?j,nl + 02)) = Maj (4.24)

As a result, the precoding vector t;; ; from BS j to UE ¢ in cell j can also be expressed as
) (4.25)

In a multi-cell scenario, the received signal at the UE side can also be interpreted as the desired
signal and effective noise, where the effective noise includes both possible intra-cell and inter-
cell interference plus thermal noise. Let g;; = 4/ pfj Bij.j hg ;tij, then the received signal of UE

¢ 1in cell j is represented as
/

rij = Blgijlzij + 2, (4.26)

! . . .
where z; represents the effective noise and is expressed as

K L K
Z;j = (9ij — Elgij])zij + Z IkjTrj + Z Z IriZkl + Zij- (4.27)
ki 1§ k=1

The multi-cell ergodic downlink achievable rate of UE ¢ in cell j is given as [80]
T
RS = (1= 7 ) logy (1+7%). (4.28)
with the downlink SINR fyfj expressed as

2
(E [hfjjtz-j,j}) Big i3

K 2 L K
Var [hg,jtijJ] Bijpfy;+ 2 B BijiPmj + 2 LB
mti iZ5 k=1

d _
’Yz] - 2 q )
Bij Py + op

(4.29)

H ¢ H
hi% ity hy by

Based on Equation (4.28), the following closed-form ergodic downlink achievable sum rate is

proposed.

Theorem 2. Consider a multi-cell massive MIMO system with TDD operation utilizing the LS
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method as uplink channel estimation and MRT method as downlink precoding, the following

rates are achievable for UE 1 of cell j in downlink transmission
T
RS = (1= 7 ) logs (1 -5 (4.30)

where 'yl‘-ij denotes the SINR of UE © which is expressed as

d _
Yij =

M/BZJ JpU

MBij ;4. P2, ; M B ip%,02, s
Yiginm (51] iPY + Z<1 R — J)ﬂw meﬁZ Z(l + p;i;kllf: ]>Bz‘z,lp7£z +0'2>

Y

Pinj®mjnm iZ5 k=1

4.31)

K
2 p‘l (Bnm,jp?jmm + Ul%)

||P1h

with Qijmnm =

Proof. See Appendix. ]

The achievable rates expression given in Theorem 2 has clearly demonstrated how the system
spectrum efficiency might be affected by correlations between pilot sequence and number of
BS antennas. Both intra- and inter-cell interference will lead to non-zero correlations in the
denominator of SINR expression which degrades the achievable rate. To maximize the achiev-
able rate, the ideal case is that each UE assigned a uplink training sequence which is orthogonal

with each other and interference will vanish.

4.4 Pilot Reuse Scheme

The pilot reuse is a common scheme that utilized in the multi-cell massive MIMO system for
the pilot sequence distribution. Due to the limited length of the coherence interval, it is difficult
to assign an orthogonal pilot signal to each UE. As a result, non-orthogonal pilot codebooks
have to be adopted. If the orthogonal pilot codebook can satisfy the UEs in N cells, then the
remaining L — N cells are going to reuse these pilot sequences. The pilot reuse scheme that
utilized in this thesis is based on the traditional frequency division multiple access (FDMA)
with different reuse factors (RF) considered. There is a trade-off between RF and training over-

head. If a bigger RF value is utilized, there will be fewer UEs that suffer inter-cell interference
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and the downlink rate might be improved. However, a bigger RF value means a bigger training
overhead, which might limit the downlink transmission. The following closed-form expression
of downlink achievable sum rate with the pilot reuse scheme is proposed for the performance

analysis.

Corollary 1. If we assume the condition of perfect orthogonality between pilots and pilot reuse
factor RF is positive integer which is larger or equal to 1, the achievable downlink rate of each

UE with pilot reuse scheme for uplink channel estimation is given as

-
Rl = (1 - T) log, (1 - fyidzpr) (4.32)
where ’ygj’p " denotes the SINR of UE i in cell j using pilot reuse scheme which is expressed by
, M B2 e
’yz‘dj’pT — ﬁlﬂyﬂpl] (433)

K
Qij.nm <Z Big. Py + & + & + &5 + 0%)
k=1

with

L—% K J
4 gll = Z Z /Bij7llpklll

L#j ki=1

L/RF K—1

4 £l2 = Z Z Bijhngb

lo#j ka=1

L/RF u
. é_ _ /Z i 1 + M/Bilg,lgpilQ ﬁ d
la Pligly Xhgly,nl 2,12 Pl

lo#j ks

Proof. Under the assumption that pilot reuse factor RF’ is positive integer and RF' > 1, we
have the number of UEs who are assigned orthogonal pilots is (L — 75) X K + 15 X (K — 1).
If there is perfect orthogonality between pilots, it comes to p = 0. The other % UEs reuse the
pilot which comes to p = 1. As a result, equation (4.31) can be simplified and we can have the

closed-form expression of downlink achievable rate using pilot reuse scheme. O

With given cell numbers and RF, the equation (4.32) clearly shows the impact to the downlink

achievable rate with different RF values.

76



Achievable Rate Performance of TDD Multi-cell Massive MIMO with Non-Orthogonal Pilots

4.5 Grassmannian Line Packing based Pilot Design

Other than the pilot reuse scheme, the pilot codebook design can also be treated as a line
packing problem in an Grassmannian manifold. The GLP problem is to find a optimal packing
of NV one-dimensional subspaces in a M-dimensional complex vector space by maximizing
the minimum pairwise distance between subspaces [94]. It is a classic mathematical problem
which has been well studied for downlink transmission for beamforming codebook design in the
conventional multi-user MIMO systems [95, 96]. Inspired by this application, it is considered
here in the pilot sequence design. In this section, we will introduce the GLP problem and

investigate the application to the pilot sequence design for uplink channel estimation.

Consider two 1-dimensional unit vectors w; and w; all belong to a matrix ®,; with w; = w;.
The equivalence of two vectors can be seen as two lines with same length in a complex vector
space CM. The two lines can also be seen as two one-dimensional subspaces in C*. The set
of all the one-dimensional subspaces in C* is denoted as G(m, 1), which forms a Grassmann
Manifold. Assume that there are N one-dimensional subspaces in the Grassmann manifold
G(m, 1), the GLP problem is to find a codebook with optimally packing of these N subspaces,
i.e. the N subspaces are equally separated in space with the largest possible adjacent distances.

The GLP problem can be formulated as

I de (8,8 4.34
Si,SjIgg?;%l) Igél? ¢ (S“ S]) ) ( )

where d,. denotes the distance between vector s; and s;. In the Grassmann manifold, different
metrics have been proposed for defining the distance between codewords. One is the choral

distance. For the choral distance between two 1-dimensional subspace is expressed as
den(siy85) = sin (612) = /1 — [sHs;|2. (4.35)
The other one is the Fubini-Study distance, which is expressed as
dys(si,s;j) = arccos | det (sflsj) |. (4.36)

The choral distance is chosen here as the distance metric, because of its previous application in

downlink achievable rate analysis [97].

The GLP method can also be utilized in pilot sequence design. If each UE is assigned a training
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Bi,jPi;j

SINR;; =

ki 1) T=1

4.37)

sequence with length 7 and there are totally K UEs in the L cells, it forms a 7 X K matrix with
the pilot sequence as the row vector. Due to the limited length of 7, it is not possible to assign
each UE with orthogonal pilots in a TDD massive MIMO system. As a result, in the pilot
reuse scheme [83], only some of the UEs are assigned with orthogonal pilots and the other UEs
reuse these pilots. However, the pilot sequences can be treated as packing K one-dimensional
subspaces in a G(7, 1) Grassmann manifold. With maximum adjacent distances between pilots,
the correlations between pilot sequences will be minimized. The correlation between pilot

sequence s and sy can be written as

pzl,SQ = |S{{S2|2 =1- d?;(ShSQ)- (4.38)

The distance between codewords is upper bounded by the simplex and the orthoplex bound

[94,98]. The choral distance between codeword w; and w is bounded as follows,

D KK <77+ 1)/2

d2, (si,87) < (4.39)

sy if K > (1 +1)/2.

The above upper bound of distance can be utilized in bounding the correlations of the pilot
sequences scheme with GLP. Consequently, we can estimate the achievable sum rate with the

proposed pilot sequence design.

4.6 Simulation Results

In this section, numerical results are going to be presented. The aim is to verify the proposed
closed-form expressions of downlink achievable sum rate for single-cell systems, multi-cell
systems and pilot reuse scheme. Additionally, the performance of pilot reuse scheme and GLP-

based codebook design will be compared.
The numerical results are generated by the following steps. Firstly, UEs are generated and
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Number of antennas at BS, M 64 < M <256
Number of single antenna UEs, K | 8 <M < 64
Cell radius 500 m

UE minimum distance from BS 25 m

Carrier frequency 1.9 GHz
System bandwidth 20 MHz
Maximum UL power, PUL 200 mW
Maximum DL power, P2L 40 W

Thermal noise, o2 -174 dBm/Hz
Mobility speed 60 km/H

Path loss model 35.3 4+ 37.6log;,d dB
Coherence bandwidth 100 kHz

Table 4.1: Simulation parameters for the results in this section

randomly located in each cell. Secondly, pilots for uplink channel estimation are generated.
For the pilot reuse scheme, the Hadamard matrix is generated as the orthogonal pilot codebook
with the vector length of 7. For the non-orthogonal pilot codebook, the algorithm proposed by
[99] is utilized for generating the GLP-based pilot codebook. Thirdly, the pilot sequences are
assigned to UEs for channel estimation. Fourthly, the estimated CSI is utilized for downlink
transmission and we can calculate the downlink achievable sum rate. The downlink SINR
of simulation results for each channel realization are calculated by utilizing Equation (4.19)
and Equation (4.28) for single- and multi-cell respectively. The downlink SINR of analytical
results for each channel realization are calculated by utilizing Equation (4.21) and Equation
(4.31). Both the downlink achievable sum rate of simulation and analytical results are averaged

over 10,000 channel realizations.

4.6.1 Verifications of Proposed Analytical Expressions

Firstly, the validity of single-cell analytical downlink achievable sum rate proposed in Theorem
1 will be verified. Consider a single-cell massive MIMO system with hexagonal shape cell and
single-antenna UEs randomly located. Figure.4.4 shows an example layout of simulated single-
cell massive MIMO system with K = 8, where the red triangle and blue squares represent BS
and UEs respectively. The simulation parameters are listed in Table 4.1. The uplink pilot
codebook is a normalized 7 x K Hadamard matrix, where column vector is assigned to each
UE. The pilot sequence length 7 is equal to the number of UE K. Both the UL and DL power

utilize the maximum power for the sake of simplicity.
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Figure 4.4: lllustration of single hexagonal cell layout with K = 8

Figure.4.5 shows the downlink achievable sum rate versus number of BS antennas. Four dif-
ferent configurations of K are considered with K = 7 = 8,16, 32,64. The analytical rate
values are calculated by adopting equation (4.20) in Theorem 1 and the simulation rate values
are based on 10,000 channel realizations. It can be observed that all the downlink achievable
sum rate increase linearly with the number of antennas. The proposed analytical expression
provides an accurate approximation of the downlink rate as the analytical results well matched

with the simulation results.

Secondly, the validity of analytical multi-cell downlink achievable sum rate proposed in Theo-
rem 2 will be verified. The simulation considers 19 cells system with a central cell surrounded
by two layer of cells. Figure.4.6 shows an illustration of the system layout with K = 8 for each
cell. The case of RF' = 1 is considered in the simulation. Each cell has same number of UE
and shares the same uplink codebook with 7 = K. This is illustrated in Figure.4.6 by utilizing
same fill color (i.e. white). The configuration of simulation parameters is same with single-cell

case, which is listed in Table 4.1.

Figure.4.7 shows the downlink achievable sum rate with RF' = 1 versus number of BS anten-
nas. Again, four different configurations of K are considered with K = 8,16, 32, 64 for each
cell. The analytical results are calculated by adopting equation (4.30) in Theorem 2 and simu-
lation results from equation (4.28) with 10,000 channel realizations. It can be observed that the
downlink achievable sum rate increases linearly with M. Additionally, the proposed analytical

results match well with the simulation results, which has proofed the validity of Theorem 2.
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Figure 4.5: Average downlink achievable sum rate versus the number of BS antennas M, with
T=K =28§,16,32,64
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Figure 4.6: lllustration of multi-cell massive MIMO systems with L = 19, RF = 1. The
Sill color uses white only represents the assignment of one set orthogonal pilot
sequences in each cell. In this example, K = 8.
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Figure 4.7: Average downlink achievable sum rate versus the number of BS antennas M, with
L=19 1=K =28,16,32,64 and RF =1

pilot length,7 | K in white cell | K in green cell | K in yellow cell | Total number of UE
T=28 K=2 K =3 K=3 50
T =16 K=5 K=5 K=6 101
T =32 K =10 K =11 K=11 202
T =064 K =20 K =22 K =22 404

Table 4.2: UE distribution when RF = 3

Thirdly, the validity of the proposition of downlink achievable sum rate with pilot reuse scheme
in Corollary 1 is verified. Figure.4.8 illustrates the layout of simulated system with RF' = 3.
Three different colors are applied in the layout to indicate the reuse of mutual orthogonal pilot
sequences. The simulation parameters are consistent with the previous simulations. Three
configurations of 7 are considered with 7 = §8,16,32,64 as the length of orthogonal pilot
codebook. The UE distribution in different cells is listed in Figure.4.9 shows the downlink
achievable sum rate with RF' = 3 versus number of BS antennas. The analytical results are
calculated by adopting equation (4.32) in Corollary 1 and the simulation results are calculated

by adopting equation (4.28). It can be observed that the analytical results match well with the

simulation results, which again shown the validity of the proposed analytical expression.
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Figure 4.8: Illlustration of multi-cell massive MIMO systems with L. = 19, RF' = 3. Each
fill color represents the assignment of one set orthogonal pilot sequences. In this

example, K = 8.
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Figure 4.9: Average downlink achievable sum rate versus the number of BS antennas M, with
L=19 7=K =28,16,32,64 and RF = 3
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4.6.2 Performance Comparison of GLP-based Codebook Design and Pilot Reuse

Scheme

In the previous section, the proposed analytical achievable downlink rate of multi-cell massive
MIMO systems have been verified. Simulation results have shown the validity of the propo-
sitions. In this section, the comparison of achievable downlink rate of proposed GLP-based

uplink codebook design and pilot reuse scheme will be presented.

The performance comparison considers not only the average downlink achievable sum rate,
but also the rate of both cell central and edge UEs. The classification method in each cell is

consistent, which is compared with the following threshold B; [83]

K
B =£> 8 (4.40)
=1

where ¢ denotes the coefficient that defined based on the system configurations. The ¢ is
chosen as 0.2 in this thesis. As a result, the classification of central and edge UE in cell j is
expressed as

2 > Bt central UE
W (4.41)

in < B;-, edge UE
The system parameters are consistent with the previous simulation of RF' = 3. Figure.4.10
shows the average downlink achievable sum rate versus the number of BS antennas. The GLP-
based design utilizes the codebook generated from the algorithm proposed in [99], which has
constant modulus and a finite alphabet (i.e.phase-shift keying (PSK)). It can be observed that the
GLP-based pilot codebook outperforms the pilot reuse scheme. Additionally, with the increase
of 7, the rate gain becomes more significant. In the case of 7 = 8, the average improvement
is about 0.5%. When 7 increases to 16 and 32, the average improvement is about 3.4 %. In
the case of 7 = 64, the rate improvement becomes 4.7%. The reason is due to the increase of
choral distance between lines in Grassmannian manifold along with the vector space dimen-
sion. In another word, the correlation between codewords decreases as indicated by the upper
bound. Figure.4.11 shows the downlink spectrum efficiency of both central and edge UEs. The
simulation considers 7 = 32 with M = 128, 256. By observing at the 10th percentile, i.e., the
90% likely minimum UE rate, the improvement of central UE is about 70% and nearly two fold

of edge UEs.
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Figure 4.10: Comparison of average downlink achievable sum rate versus the number of BS
antennas M between GLP-based pilot codebook and pilot reuse scheme, with
L=19,7=K =8,16,32,64 and RF = 3

4.7 Conclusion

This chapter has investigated the achievable sum rate of multi-cell massive MIMO system with
TDD operation. Firstly, closed-form expressions of downlink rate for both single-cell and
multi-cell configurations of massive MIMO systems were proposed. The LS method and MRT
scheme were utilized for uplink channel estimation and downlink precoding. The proposed
expression clearly shows how the number of BS antennas and correlation between uplink pilots
influence the downlink achievable rate. Simulation results have shown the validity of propo-
sitions. Secondly, closed-form expression of downlink rate for massive MIMO systems with
pilot reuse scheme as uplink pilot scheduling was proposed. This proposition shows the rate
performance with any given reuse factors. Thirdly, the downlink rate performance of the Grass-
mannian line packing based uplink pilot codebook has been investigated. Comparisons have
been made between pilot reuse scheme and Grassmannian line packing based pilot codebook
design by utilizing the proposed expressions. The simulation results show that the Grassman-

nian line packing pilot codebook offers significant rate improvement.
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Chapter 5

Energy-efficient power allocation in
multi-cell massive MIMO systems

The performance benefits offered by massive multiple-input multiple-output (MIMO) systems
and the deployment of large number of base station (BS) antennas that are capable of increasing
system capacity and robustness have been discussed in Chapter 2 and 4. However, a further
question that naturally arises is how energy efficient is the massive MIMO systems? While the
large number of antennas at BS can dramatically increase capacity performance, like a double-
edge sword, the restive power consumption might become problematic, since it is considered to
be as important in communication systems design as capacity. In [100], it was pointed out that
BS consumes 80% of the energy in cellular network operations, which means that the research

into energy saving in massive MIMO systems is urgently required.

This chapter describes a general framework of optimization for maximizing global energy ef-
ficiency (EE) in massive MIMO systems, whereby the optimization starts with maximizing
minimum user-equipment (UE) rate which aims to improve the quality-of-service (QoS) and
provide a feasible condition for the EE maximization problem. Secondly, to solve the EE op-
timization which is considered to be a non-concave problem, the fractional programming and
successive convex approximation (SCA)-based algorithm will be used to find a local optimal

solution with affordable complexity.
The remainder of this chapter will consist of the following:
1. In Section 5.1, the background and purpose of this chapter will be described and a brief

literature review of energy efficiency in both convention MIMO and massive MIMO

systems will be given.
2. In Section 5.2, the system mode and the EE problem will be given.

3. In Section 5.3, a detailed explanation of the maximization of minimum UE rate will be

presented.
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4. In Section 5.4, an explanation of the fractional programming and SCA-based algorithm

will be given.

5. In Section 5.5, the simulation results, together with the corresponding analysis will be

demonstrated, and then will bring the chapter to its conclusion in Section 5.6.

5.1 Introduction

The development of cellular network has grown rapidly over the last twenty years. According to
the report in [100], the CO5 emission from information and communication technology weights
approximately 2% in 2011, but it is predicted to increase dramatically up to 2021 due to the
data communication demands [3]. Massive MIMO is an advanced cellular network architecture
which is regarded to be a promising technology for the fifth generation of mobile phone mobile
communication technology standards network (5G) [71,73-75]. Consequently, the research
into the EE in massive MIMO systems has become very important and it has attracted great

interest from both academia and industry.

The optimization of EE, which is a ratio of sum rate over sum energy consumption as a benefit-
to-cost ratio, generally utilizes fractional programming due to the natural of fraction expression.
However, due to the effect of pilot contamination, this method is not suitable for optimizing
massive MIMO systems. It is because the sum rate expression in the numerator is generally a

non-convex problem, which can not be solved within polynomial time.

Related work: The concept of a green cellular network was proposed in [101], where the im-
portance of developing mechanisms for reducing energy consumption was addressed. The re-
duction at BS side can be implemented in two different ways, (i) hardware improvement, and

(ii) transmission protocol/allocation scheme development. This thesis will focus on the latter.

The statistics of daily data loads is unevenly distributed across the time periods and cells [102].
Consequently, the power consumption of the BS can be adaptive to the actual demands for the
sake of energy efficiency. The adaptation of traffic loads is a popular research topic belongs to
the catalogue of transmission protocol scheme, where under the condition of satisfying QoS,
the operation mode of BS switches based on the varying traffic demands. In the off-peak time
slots, such as midnight, BS can turn to sleep mode (also called lower power mode or deep

idle mode) for the purpose of saving energy[102]. This adaptation allows for straightforward

88



Energy-efficient power allocation in multi-cell massive MIMO systems

implementation in an urban cellular system, but its drawback is that a selection has to be made

between high performance and energy efficiency.

In [103], a mode switching algorithm between MIMO and SIMO was proposed. The results
showed that transmission energy can be saved 50% by utilizing dynamic mode. The collabo-
ration between BSs was also proposed for the adaptation of traffic loads [104]. Various coop-
erative initiatives were also recommended for the sake of increasing coverage and services for
off-peak period. Additionally, an artificial neural network (ANN) was utilized for predicting
traffic statistics [105], and BSs can dynamically change the working mode according to the

prediction.

Other than the propositions of different transmission protocol, optimization techniques are also
applied for resource allocation. Based on the cell condition, BSs optimally or sub-optimally
allocate resource based on the calculation results from optimization algorithms. The object of
optimization can vary according to specific requirements, such as the maximization of through-
put for the purpose of system performance, or the maximization of EE as an energy saver. An
optimization based scheduler for maximizing the EE in a MIMO system was proposed in [106]
and a trade-off between the EE and the number of BS antennas is discussed, where the numer-
ical results demonstrate that the system EE decrease with the number of antennas. In [107],
a gradient-based method is also adopted for the optimization of EE in conventional MIMO
systems, with close performance to the optimal linear solution. The Dinkelbach method is a
powerful algorithm that is usually utilized for EE optimization in conventional MIMO systems
[108-110]. Simulation results have shown that the optimal solution can be achieved within

polynomial-time complexity.

There is also great research interest in EE optimization in massive MIMO systems; for in-
stance, in [81] the EE problem in orthogonal frequency division multiple access (OFDMA)
based system was formulated. An iterative algorithm that based on the Dinkelbach’s method
was proposed to optimize the power, subcarrier and antenna allocation policies. Also in [111],
in order to maximize the EE, the optimal configuration of BS antennas and UEs inside each cell
was focused on; a new power consumption model was proposed and closed-form expressions
of EE were obtained for comparisons. In [112], the downlink EE performance was investigated
and results showed that the circuit power consumption per antenna significantly influences the
EE. In [113], a single-cell downlink power allocation algorithm was proposed to achieve EE

and both transmit and circuit power were considered. In [114] a power allocation algorithm for
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maximizing EE in massive MIMO systems was proposed.

Contributions: A general framework was proposed for the EE maximization in the massive
MIMO systems with time-division-duplex (TDD) operation, where the minimum UE rate was
firstly maximized in order to increase the QoS and provide a feasible constrain for the EE
optimization latter. It is noticeable that the massive MIMO system is an interference-limited
system, the optimization of EE was considered to be non-concave, which is a non-deterministic
polynomial-time hard (NP-hard) problem. A combination of fractional programming and suc-
cessive convex approximation (SCA)-based algorithm was proposed in order to tackle the EE
maximization iteratively and efficiently. The local optimal solution of downlink power alloca-
tion can be found with acceptable complexity. Comparisons were made between the downlink
power with equal division and the power allocation after the optimization. Furthermore, it con-
sidered the case of the GLP-based codebook design and the pilot reuse scheme. Numerical
results proofed the validity of the proposed optimization methods, where the EE has been sig-
nificantly improved. Additionally, it showed that the minimum UE rate was highly improved
after the proposed optimization. The EE of the GLP-based codebook design also performed

better thanthe pilot reuse scheme.

5.2 Energy Efficiency and Optimization Problem Formulation

For the purpose of this section, the general concept of efficiency (EE) was defined as the output
with given resource that can be seen as a “benefit-cost ratio”. Hence, high efficiency means
that more output per unit of resource. In terms of the massive MIMO systems, the “benefit” is
the amount of data that is successfully transmitted within a time period, while the “cost” is the
total power consumption that is required for transmission. Consequently, the EE (measured in
bit/Joules) of the massive MIMO systems in this thesis is defined as a fractional expression with
the downlink achievable sum rate (measured in bit/seconds) over the total power consumption

(measured in Watts, where Watts = Joules/second), which is expressed as

Downlink achievabl t
Energy Efficiency — ownlink achievable su@ rate 5.1)
Total power consumption

It is noticeable that the EE can not only be expressed as a fractional expression, but also with
a differential form, as mentioned in [110]. The reason for choosing the fractional form in this

thesis is to try to be consistent with the common definition of spectral efficiency, which is
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Figure 5.1: Energy efficiency versus transmit power py, with P. = 1W

defined as the total number of bits over the system bandwidth [115].

The objective of this work was to develop an efficient power allocation algorithm to jointly
allocate the power to all the UEs in the multi-cell massive MIMO systems, and meanwhile
satisfy the transmit power limitation and minimum UE rate constraints, in order to maximize
the EE as defined in (5.1). To be more specific, it is aiming to find a “balance” point of the
achievable rate and the transmit power. Figure.5.1 shows a simple example of EE versus the
transmit power, which is aiming to illustrate the trade-off between achievable rate and power

consumption. The EE is expressed as

pp - s (1+p) 52)

Dt + P, c ’
where p; denotes the transmit power and P is the circuit power. In this example, F; is a
fixed constant and assumed to be equal to 1W. Figure.5.1 illustrates how the EE varies with the
transmit power. Note that the EE is not monotonically increased with the transmit power and
in this example the optimal p; is equal to 1.7W, which means the rate and power meets the best

trade-off when the transmit power is set to 1.7W.

The simple example showed here is to illustrate why the optimization of EE is essential. In
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the following sections, the mathematical formulation of the EE for multi-cell massive MIMO
systems with TDD operation will be presented, which starts with the power consumption mod-

elling.

5.2.1 Power Consumption Model

To formulate the EE maximization problem, the total power consumption of P the system

will be first modelled, where P is expressed as
Pot = Py + F, (5.3)

where P, and Py denotes the total power for the uplink and downlink transmission respectively.
In terms of the total power consumption model for the uplink transmission, it includes: (i)
the transmit power for transmitting uplink pilot of single antenna UEs, and (ii) the circuit and
signal processing power associated with transmission of uplink pilot. Without loss of generality,

it follows the assumption below

Assumption 1. For all the single-antenna UEs in the multi-cell massive MIMO systems with
TDD operation, it is assumed that all the UEs have the same power amplifier (PA) efficiency,
circuit and signal processing power consumption for each coherence interval. For all the BSs,

it follows the assumptions below

1. All the BSs have the same PA ratio, circuit and signal processing power consumption for

each coherence interval.

2. Each transceiver serves one antenna at the BS.

Consequently, following the Assumption 1, the total power consumption for the uplink trans-

mission P, is defined as

L K - pu

Pi= > Y =—H 4 L-K-pt , (5.4)
=i Le ™

- uplink circuits and

signal processing power

uplink transmit power

where p}; denotes the uplink transmit power of UE kincell l and k € K, [ € L, nuyg is the PA
efficiency of UE, 7pj; denotes the transmit power for uplink pilot transmission, p; represents

the circuits and signal processing power of UEs.
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Figure 5.2: Block diagram of BS transceiver [2]

After the formulation of total power consumption of uplink transmission, it will focus on the
total power consumption model for BS in downlink transmission Py, which includes (i) the
downlink transmit power, and (ii) the circuit and signal processing power for the BS in receiving

and transmitting signal. The Py is expressed as [2, 114]

1 K d
Hp:mm(}:}:(L—;)”d+L-Mwﬁ), (5.5)

=1 k=1 "1BS

where pgl denotes the downlink transmit power for UE k by the BS incellland k € K, [ € L,

ngs denotes the PA efficiency and ogg represents the loss factors of BS, which is expressed as

ogs = (1 —opc) (1 — oms) (1 — 0cool) , (5.6)

where opc, oms and o0 represents the loss factor due to (i) direct-current (DC) to DC power
supply, (ii) mains supply indicating Alternating Current (AC) to DC unit and (iii) cooling sys-
tem respectively [114] [2]. The pg is the circuit and signal processing power consumption of

BS, which is modelled as

d d d d d d
bc = pc,dac + pc,mix + pc,ﬁlt + pc,syn + Dot (57)

where pg dac? p‘cj mix and pg q1; represents the circuit power consumption of each BS antenna for
the operation of (i) digital-analogue-converting, (ii) mixing, and (iii) filtering [103]. The pg‘,syn

and pgf represents the consumption of frequency synthesizer and beamforming respectively.
Figure 5.2 shows a simplified block diagram of the BS transceiver structure [2], with the BB
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Parameter | Description
P, Total uplink power consumption
D Uplink transmit power from the UE k in cell
NUE Power amplifier efficiency ratio of UE
e Total Circuit and signal processing power consumption of UE

Table 5.1: Power model parameters for the uplink in multi-cell massive MIMO systems

Parameter | Description
Py Total downlink power consumption
Y Downlink transmit power to the UE k from BS [
"IBS Power amplifier efficiency of BS
OBS Loss factors of BS
opC Loss factor from direct-current to direct-current power supply
OMS Loss factor from main supply
Ocool Loss factor from cooling
pd Total circuit and signal processing power consumption of BS
p‘cl’ dac BS power consumption of digital-analogue-converting
D mix BS power consumption of mixing
pg flt BS power consumption of filtering
pg’syn BS power consumption of synchronization
pg,syn BS power consumption of beamforming

Table 5.2: Power model parameters for the downlink in multi-cell massive MIMO systems

denoting the baseband units. It is noticeable that the BS transceiver can be generally divided

into three modules, which are

1. The BB unit: the power consumption from the operations of signal processing are pro-

duced from this unit, and it is represented by pd.

2. The small radio frequency transceiver plus the PA units: the downlink transmit power

is influence by the PA efficiency, because the PA units are intending to prevent adjacent

channel interference, however, it has low efficiency, which is represented by 7gs.

3. The power loss from the combination of power supply units and the system cooling units

are modelled with ogs.

For the sake of understanding, the power model parameters for the uplink and downlink trans-

mission utilized in this thesis have been listed in Table 5.1 and Table 5.2 respectively. In terms

of the typical values of the parameters, they are listed in Table 5.3 along with the references.
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Following the formulation of the total power consumption of the system, the problem of maxi-

mizing the EE can be mathematically formulated in the next section.

5.2.2 Problem Formulation

The EE is defined as

M=

L

>

-1

P} (& & P q

ki K 1 _ 7\ Pl M-

e T LR p2)+<035 (l;kz::1 (1=17) ms T LM pc>>
(5.8)

(1= F)logs (1 + v (PR PR))

N
i

1

EE(Pl/iz?P%l):

SN

where y; denotes the SINR which utilizes the proposed SINR expression in Equation (4.31).
As the EE is defined equation (5.8), power allocation will be applied on both uplink and down-
link transmit power for maximizing the EE of systems. The optimization problem can be for-

mulated as

maximize EE (pj,p}y;) (5.9a)
PhoP

subjectto 0 < py < Phax » V (K, 1) € (K, L) (5.9b)
Pl >0,V (k1) € (K, L) (5.9¢)

K
> P < P V(D) € (L) (5.9d)

k=1
RE) (P, p4y) = CaRonin , ¥ (K1) € (K, L), (5.9)

where p! . and pd . are the maximum uplink and downlink transmit power constrain at UE
and BS side due to the hardware limitations, R, represents the minimum downlink rate that
guarantees the QoS, (i; is a random scaler between 0 and 1. In (5.9), Constraint (5.9b) ensures
that the uplink power is less or equal to the maximum limitation but larger than 0. Constraint
(5.9¢) and (5.9d) ensure that the downlink power to each UE is larger or equal to 0, and the sum
power to all the UEs in one cell meets the maximum limitation. Constraint (5.9¢) represents that
the downlink achievable rate of each UE needs to larger or equal to the pre-defined minimum

UE rate.

It is noticeable that the Problem (5.9a) that the maximization of EE is challenging to solve

directly. The Problem (5.8) has a ratio form with a fractional structure and it belongs to the

95



Energy-efficient power allocation in multi-cell massive MIMO systems

fractional programming problem, it can not be directly solved with the existing algorithms
belongs to the fractional programming theory [110, 116]. If the optimization problem has a
concave and convex function in the numerator and the denominator respectively, it can be solved
efficiently with a guaranteed polynomial-time complexity. However, it can be observed that the
numerator in Problem (5.9a) and the Constraint (5.9¢) includes the downlink achievable sum
rate of a multi-cell massive MIMO systems, which is a difference of two concave functions.
And it is noticeable that the optimization problem with difference of two concave functions is
generally non-concave and challenge to find the globally optimal solution. In this thesis, the
combination of the fractional programming and the SCA method are proposed to allocate the

power effectively in order to achieve the optimal EE.

The proposed optimization method starts with the reformulation of (5.9), which aims to convert
the variables in equation (5.8) into vector form. The purpose of conversion for the algorithm
is for the jointly allocation of the transmit power for all the UEs in the multi-cell scenario.
Following this reformulation, the optimization focuses on one single power vector, rather than

multiple scaler power values.

In terms of the downlink achievable sum rate, the problem utilizes the proposition in Theo-
rem 2. By observing the equation, it is noticeable that the jointly optimization of both uplink
and downlink power for multi-cell massive MIMO systems is very complex, which is difficult
for practical application. For the sake of solving the problem efficiently, it is assumed that all
the UEs utilize full power for the transmission of uplink training sequences. It is because by
observing the downlink SINR expression in equation (4.31), it can be found that the down-
link achievable sum rates increase monotonically with the uplink power. Consequently, the
optimization only considers the downlink transmit power as the variable, which is expressed as

p2 [p‘lil,pgl,"‘ ,pil]TeRiLKX1)7 (5.10)
where p is the vectors with elements of the downlink power for each UE. Consequently, the

downlink SINR expression in equation (4.31) is reformulated in the following definition.

Definition 1. The downlink SINR of UE ¢ in cell j is reformulated as

T
Z;;p

- blp+ad

Yij (P) (5.11)
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T
; A b M g2 LEx1)
Wlth Z’L] = |:0, 07 3 Qijnj 51/‘7,‘7707 O) E R(
T
K 2 L K 2
A (MBij.jPrjijtOks,nm) (M B3P, i+t nm )

b;; = 10,0, 7Bij7j7 Z Oél:jlnm &jd’ Z Z ALl nm &ﬂ’ B

ki ’ I#5 k=1 ’

where z;; is a LK x 1 all zero vector except for one corresponding position. The b;; €

REEX1 s similarly defined, but for multiple non zero entries. For example, in terms of the

the calculation of -;;, it has p?j in the numerator. Consequently, the non zero entry in z;;

will be aM , 12] ; and all the other entries will be zero. Then, the numerator of ~;; equals to
ij,mj E
M 2

Qijng ' t)sJ

pgj. In terms of b;; in the denominator, it is similarly defined.

The total power consumption of the system can also be reformulated as

L K
Pym (p) = Pu + (1 (chgpu-M-pg‘)), (5.12)

o
BS \I=1 k=1

where ¢, is a LK x 1 vector with all the entries are (1 — %) nﬁ Following the reformulation

of the SINR and utilization of fixed uplink power, the Problem (5.9a) can be simplified as

maximize EFE (p)= T (5.13a)
P
P+ (o (E Zepprr )
=1 k=1

subjectto  t1,p >0, V (k,1) € (K, L) (5.13b)

K
> tip < P, V(1) € (£) (5.130)

k=1
Ry (p) > CuRuin , ¥ (k,1) € (K, L), (5.13d)
where tj; £ [0,0,---,1,0,0,-- -]T is a vector with KL x 1 length and all zero elements but

unit elements at corresponding position.

Compared with the Problem (5.9), the reformulated problem in (5.13) is more straightforward
to understand. More importantly, the aim of the optimization algorithm is to jointly optimize
the downlink transmit power for all the UEs of the cell, and it can be easily achieved after the
reformulation. Also, the reformulated problem is suitable for utilizing the CVX [117] to solve
it. In the following section, the optimization of the minimum UE rate will be considered. It is
aiming not only to maximize the QoS for all the UEs, but also provide a feasible constraint for

the EE optimization in the varying quality propagation environment.
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5.3 Optimization of Max-min Rate

To solve the problem of EE maximization, the first step is to maximize the minimum UE rate,
Rmin- As the constraint that shown is in (5.13d), a fixed value of Ry, is obviously not suitable.
It is because the UE positions and propagation environment are always changing, where the
minimum UE rate also varies. For example, the cell edge UEs may suffer strong interference
which might influence the channel estimation quality and therefore the downlink transmission
rate might be reduced. In order to tackle the Problem (5.13a), a proper constraint value of
minimum UE rate is required at the beginning of EE maximization. Moreover, by maximizing
the minimum UE rate, it solves the feasibility of EE optimization problem. The maximized
minimum UE rate is the best downlink achievable rate that can be reached for a given channel
realization. Consequently, it plays the role as an “upper bound” of the UE rate and the constraint
of the maximized UE rate times a random scaler guarantees the feasibility of each iteration in

the optimization algorithm.

On the other hand, fairness should also be considered in the system design. The object of
fairness is to enhance the minimum UE rate, which improves the QoS of UE. The maximization

problem of the minimum UE rate is formulated as follows

max%)mize rrlglln RY,(p) (5.14a)
Subjectto  t7p >0, V (k1) € (K, L) (5.14b)
K
D thp < P s V(1) € (£). (5.14c)
k=1

To solve Problem (5.14a), it can be transferred into a epigraph form, which is commonly used
for solving concave optimization problem [116]. The epigraph form is a reformulation of the
concave problem by replacing the original objective function with a new variable and an equal

constraints. Consequently, the Problem (5.14a) can be reformulated as

maximize x (5.15a)
P
subjectto Ry (p) > «,V (k,1) € (K, L) (5.15b)
thp >0, ¥ (k1) € (K, L) (5.15¢)
K
D thP < phax» V(1) € (L), (5.15d)
k=1
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where x is the introduced variable. It can be found that Problem (5.15) is a linear programming
problem and it is concave. It can be solved by the common optimization method, e.g. CVX,

where the proof of concave is presented below.

Proposition 1. The Problem (5.15) is linear programming problem.

Proof. The constraint (5.15b) can be reformulated as follows

T
T Z;;p
A T I I
( T g2< b;fg-p—%al%)_?c
T
Z P X
logy | 1+ Y >
( bip+or)~ (1-7)

T
VA pe
ijP >9(-7) 1 (5.16)
blp + a2

Lety £9 (-7) _ 1, then equation (5.16) can be reformulated as

z;p > yb;p + yo

(zi; — ybi;) p > yo®
p=> yo”

= (5.17)
Z;; — ybij)

As a result, the reformulation of constraint (5.15b) proofed that the Problem (5.15) is a linear

programming problem. O

After the maximization of minimum UE rate, it provides a feasible constraints for optimizing
EE. As Problem (5.13a) is a fractional expression, the fractional programming, which is a
useful branch of optimization theory [110], can be utilized for solving the problem. A brief
introduction of fractional programming and the algorithm that utilized for solving the problem

will be given below.
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5.4 Introduction of Fractional Programming

Consider the following optimization problem

maximize y(x) (5.18a)
x z (x)

subjectto  v; (x) <0,Vi=1,2,---,T (5.18b)

w;(x)=0,Vj=1,2,---,J (5.18¢)

where y (x) is a non-negative concave function, and z (x) is a positive convex function, v; (x)
is convex for all the 7 and w; (x) is affine for all the j. As proved in [110], equation (5.18a) is

a quasi-concave optimization problem.

One useful algorithm for solving the optimization with objective function as a fractional expres-
sion is the Dinkelbach algorithm [118]. it is a an approach of parametric convex programme,
because of the introduction of an extra parameter A\. The fractional problem can be converted
into linear form and iteratively solved. If the constraints (5.18b) and (5.18¢) are denoted by X,

the Problem (5.18a) can be converted as

F(\) = maxg}vlize y(x) — A(x). (5.19)

The function F'(\) has the following properties [110, 118]

e F'(\)is convex on R

Proof. if it is assumed that u € [0, 1], then it has

Fludy + (1= u) A) = max {y (x) — why (x) — (1 —u) g (x)} =
max {u [y (x) — A1 ()] + (1 — ) [y (x) — he ()]} <

w-max {[y (x) = M (O]} + (1 — u) - max {[y (x) — Ao (x)]} =

uF (A1) + (1 —u) F (M) (5.20)

e F'(\) is monotonically decreasing, e.g. if Ao > A1, then F'(\2) < F(A;)

100



Energy-efficient power allocation in multi-cell massive MIMO systems

Proof. Let Ay > A1, then F'(\2) has the following relationship

F(X2) = max {y(x) — A2z(x)} = y(x2) — A2z(x2) <
y(x2) — Mz(x2) < max {y(x) — Aiz(x)} = F(\1) (5.21)

e F(\) = 0 has a unique solution, \o

Proof. As F'()\) is monotonically decreasing, plus the following fact, where limy_, _, F'(A) =

+o0 and limy_, 1 o F'(A) = —o0, F'(A) = 0 has a unique solution, \. O

In addition, the connection of Problem (5.18a) and (5.19) is proved as follows [110, 118].

Proposition 2. Ifx* € X and \* = % then x* will be a solution of problem (5.18a) if and

only if

x* = argmax {y (x) — A"z (x)} (5.22)
XEX

Proof. If x* is the optimal solution of problem (5.18a), it comes to

A* zgi > ZES’VX € X. (5.23)

Asaresult, y (x)—A*z (x) <0,Vx € X and y (x*)—A*z (x*) = 0. Consequently, F' (\* = 0)

and it meets equation (5.22). On the other hand, if x* = argmax {y (x) — A*z (z)}, it comes
xeX

to
y(x) =Nz (x) <y(x") = ANz((x")=F(\")=0,Vxe X. (5.24)
As a result,
R ACI VY (5.25)
z (x)
= v (5.26)
z (x*)
]

As a result, the Problem (5.18a) is converted into linear convex problems, where F'(\) contin-

uously decreases with the variable A. The convergence point is found by iteratively updating
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A so that the numerator function can be maximized while the denominator function can be
minimized, until F(A) = 0 and x* is equivalently the root of the function. The Dinkelbach

algorithm is described in Algorithm 1.

Algorithm 1 The Dinkelbach method to solve optimization problem

Require:
A9 (initial value of A where F’ (XNo) > 0)
€ rp (convergence tolerance)
1 = 0 (iteration number)

Ensure:
A* (optimal X)
x* (optimal x)

1: while F' ()\;) > €y, do

2:  solve the problem x} = arg max (y (x) — Mg (x));
xXEX

3 i=141;

: end while

N

The directly utilization of the fractional programming theory to solve the EE maximization
problem is not capable because of the objective function and constraint has DC function. In
the next section, the SCA algorithm will be introduced, where it will be combined with the

fractional programming.

5.4.1 Introduction of the SCA Algorithm

The utilization of fractional programming theory converts the EE maximization problem into a
series of concave problem, and the global optimal solution can be iteratively found by utilizing
the Dinklebach algorithm. However, the directly adoption of fractional programming theory
requires conditions on both the objective function and constraints, where y (x) needs to be a
concave function, z (x) is a concave function and the constraints are all concave as well. In
terms of the multi-cell massive MIMO system with TDD operation, the expression of downlink
rate, which is the numerator in Problem (5.13a) and the constraint (5.13d), is a non-concave
function [119, 120]. Consequently, the sequential concave approximation (SCA) algorithm is

considered for combining with the fractional programming.

The SCA algorithm is an advanced scheme that utilized to solve the non-concave optimization

problems, where the local optimal solutions can be found efficiently with acceptable complexity
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[121, 122]. Consider a non-concave optimization problem

maximize X 5.27a
xERM Y ( ) ( )
st. ¢ (x)<0,5j=12,---,J,x€Q (5.27b)

where y, ¢; are both continuous and differentiable functions over RM 1t is assumed that both
y and c; can be expanded as the difference of two non-negative concave functions, which are

expressed as

yt(x) -y (%) (5.28)

cj (x) = c;r (x) —¢; (x) (5.29)

where yT, 1y, c;r, cj - RM — R. It can be observed that both the objective function (5.27a)
and the constraint (5.27b) are typical difference of concave functions (DC) programming of
variable x [123] with DC constraint, which is generally considered as a non-concave problem.
As a result, common concave optimization algorithms can not be directly applied on solving

this kind of problems.

There are many algorithms that proposed for finding the global optimal solutions for the non-
concave problems [124,125]. However, the high computational complexity is not suitable in
massive MIMO systems. One common scheme of solving a non-concave problem with local
convergence is the approximation of concave functions. And the SCA algorithm adopts this
scheme in solving the non-concave problem iteratively. A surrogate function is generated for
the approximation iteratively by utilizing the first order Taylor series expansion, which is given

as

y(x,2) = y(x)* = (y7(2) + (Vy(2))" (x — 2)). (5.30)

The equation (5.30) is an approximation of function y(x), which is tight when x = z. Other-
wise it comes to y(x,z) < y(x). Similarly, the surrogate functions can also be generated for
the DC constraints. By replacing the non-concave functions in both the objective function and
constraints with their surrogate functions, problem (5.27a) can be approximated linearly by a
series of concave functions, which can be iteratively solved with acceptable complexity. The

SCA algorithm is summarized in Algorithm 2.

After the introduction of fractional programming and the SCA algorithm, the proposed frac-

tional SCA algorithm in solving the EE problem will be presented in the follow section.
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5.4.2 Fractional SCA Algorithm

To solve the maximization of EE in multi-cell massive MIMO system with TDD operation, the
combination of fractional programming and the SCA algorithm is proposed to jointly find the
optimal downlink power allocation. The optimization firstly calculates the maximized mini-

mum UE rate R*.

~in» Which provides a feasible constraints. Secondly, the surrogate function is

generated for the downlink achievable rate, which is the numerator of the objective function
(5.13a) and constraints (5.13d), where with feasible vector q, the surrogate functions for the

SCA algorithm are expressed as

(z},+bi,) p+ o} 1 bl (p—q) )
. aYe _ . (531
lip.a) 2 ( H(%((W%)qm 05 @ (o, +bf)a+ ) O

Thirdly, by utilizing the fractional programming in the (5.13a) with equation (5.31), the maxi-

mization problem is reformulated as

L K
maximize 5" (1- 1) <10g2 (zh, +bl)p+o2\ 1 bl(p-q >
P T (zfl + bfl) q-+o? log (2) (ZZZ + bgz) q+ o2

I=1 k=1
— APy (P) (5.32a)
subjectto  t1,p >0,V (k,1) € (K, L) (5.32b)
Ztkzp < Pl V(1) € (L) (5.32¢)
(1 _ I) <log (zr +by)p+or) 1 bl (P —a) )
T ? (zf; +bi,) a+ o2 log (2) (24, + b)) a + o2
> RE Y (k1) € (K, L). (5.32d)

The maximization Problem (5.32) becomes a concave optimization problem with both linear
objective function and constraints, which can be iteratively solved by Algorithm 3 with the

CVX package [117, 126].

The convergence of the proposed fractional SCA algorithm is proved below.

Proposition 3. The fractional SCA algorithm in Algorithm 3 always converges to a Karush-

Kuhn-Tucker (KKT) stationary solution of Problem (5.13).
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Algorithm 2 The SCA algorithm
Require:
1 = 0 (iteration number)
x(© (initial value of x where x € X)
esc 4 (convergence tolerance)
Ensure:
x* (optimal x)
1: while ||X(i+1) — X(i)”Q > egca do
2:  Generate the surrogate functions y (x, x(i)) and ¢; (x, X(i));

3 xUH) = argmax g (X,X(i));
€
¢ (xx(1)<0,j=1,2,,J

4: 1=14+1
5: end while

Proof. To any concave function, it is upper-bounded by its first-order Taylor expansion at any
point. Meanwhile, it is noticeable that the numerator of objective function (5.13a) and the

constraint (5.13d) are the difference of two concave functions. If Rg , (p) is represented as

Ry (p) =15 (P) — 5 (P), (5.33)

for any p, it thus have that

i (0) = iy (B) = 1, (B) — |1 () + (VRY ()" (0~ py)] (5.34)

Consequently, (5.32a) and (5.32d) are lower bounds of (5.13a) and (5.13d). As the lower
bounds in (5.33) is tight when evaluated in p;, when p = pj, it comes to (5.32a) and (5.32d)
are equal to (5.13a) and (5.13d). Similarly, the gradients of (5.32a) and (5.32d) are equal to
(5.13a) and (5.13d) when p = p;. Consequently, the proposition proof is completed. 0

By utilizing the Algorithm 3, the EE will monotonically increase and the local-optimal solu-
tion, which meets the given constraints, will iteratively be founded within polynomial time and

affordable complexity.

5.5 Numerical examples

In this section, the validity of the proposed optimization algorithms will be verified by numeri-

cal simulations.
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Algorithm 3 The fractional SCA algorithm to solve Problem (5.13)
1: Initialization for SCA algorithm:

q® e RELx1 % an initial feasible downlink power vector
e €R % a small convergence threshold
2: 1 =0;
3: repeat
4 Given gV, generate the surrogate functions RS, (p, q*)) based on Equation (5.31);
5. Initialization for Dinkelbach method.
A0 > % determined by a random power vector p(?) ¢ RELx1
e2 €R % a small convergence threshold
J=0;
repeat
Given AU) | obtain the optimal solution p?) for Problem (5.32);
L
RY (pW) q®
9: G+ = k%%m?;f@) ) :
10: j<=J3+1L

11: until A0 — \O-D| < e

122 1414+ 1;

13:  return q\9 « pU);

14: until ||q®) — q@ ||y < eos

15: return a locally optimal solution p* = q(* for Problem (5.13).

Consider a massive MIMO system consisting of 19 hexagon shaped cells, where each cell has
a central BS and randomly distributed UEs. The simulation parameters listed in Table 5.3,
which includes both the configuration of BS antennas and UE distribution, plus the power
consumption of circuit power for both BS and UE. Additionally, the circuit power of BS was
chosen according to the prediction that by the year 2020 [2]. The pilot reuse scheme with
RF = 3 was considered in the simulation with the same UE distribution that was proposed
in Chapter 4. The codebook for the GLP-based uplink pilot utilized the algorithm that was
proposed in [99].

Figure.5.3 shows the minimum UE rate versus the number of BS antennas. The GLP based pilot
codebook design and pilot reuse scheme were both utilized with RF' = 3 and 7 = 16. The
maximization of the minimum UE rate were calculated with the CVX. It can be observed that
the adoption of optimization has enhanced the QoS significantly. When M = 64, the minimum
UE rate of the pilot reuse scheme almost doubled, and it almost tripled for the GLP-based pilot
design after the maximization. When M = 256, the improvement of pilot reuse increased by
more than three times and it is approximately four times for the GLP-based pilot design after

maximization.
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Number of cells, L 19

Number of antennas at BS, M 64 <M <256
Cell radius 500 m

UE minimum distance from BS 25m

Carrier frequency 1.9 GHz

System bandwidth 20 MHz

Maximum UL power, PuL 200 mW
Maximum DL power, PPL 40 W

Thermal noise, O'r21 -174 dBm/Hz [127]
Mobility speed 60 km/H

Path loss model 35.3 + 37.6logq d dB
Coherence bandwidth 100 kHz

Power consumption of circuit power at BS, P4 | 0.2 W [128]

Loss factor from DC to DC power supply, opc | 7.5% [2]

Loss factor from mains supply, oms 9% (2]

Loss factor from cooling, oot 10% [2]

Power amplifier efficiency of BS, 7gs 50 % [128]

Power amplifier efficiency of UE, ny g 20 % [129]

UE circuit power, ;' 0.1 W [130]
Convergence tolerance, € 1x1073

Table 5.3: Simulation parameters for the results in this section
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Figure 5.3: Comparison of the minimum UE rate versus number of BS antennas M with and

without maximization, with RF = 3, 7 = 16
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Figure 5.6: Converge performance of Algorithm 3, with RF = 3, 7 =16, e = 1 x 1073

Figure.5.4 shows the EE of multi-cell massive MIMO system versus the number of BS anten-
nas. Again, the GLP based pilot codebook design and the pilot reuse scheme are both utilized,
with RF' = 3 and 7 = 16. The maximization of EE utilized Algorithm 3. For the unoptimized
EE, the downlink transmit power was equally divided for each serving UE in the cell, i.e. %.
It can be observed that the EE of both schemes decreased with the number of BS antennas,
whereby, the EE without optimization slightly increased, but was almost consistent, mainly be-
cause, in the EE without optimization the downlink transmit power is dominant. The maximum
power was utilized for downlink transmission and the increase of circuit power did not have
a big influence on the EE. However, after the optimization, the downlink transmit power was

greatly reduce, so the EE of both schemes decreased with the number of BS antenna adopted

followed by the increase of BS circuit power.

Figure.5.5 shows the downlink achievable sum rate versus the number of BS antennas. A
comparison has been made between the rates after downlink power allocation and the rate after
the equal division of downlink transmission power has been utilized. Although the focus was
on maximizing the EE, the optimal allocation of downlink power and the maximized minimum
UE rate has improved the performance, with approximately 3% for GLP-based pilot codebook

design and 5% for the pilot reuse scheme. The gap between two schemes has been reduced after
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the power allocation. However, the GLP-based codebook design still performed better than the
pilot reuse scheme. The main reason of the optimized rate has better performance than the
unoptimized rate is that the optimal EE is computed with the maximum downlink achievable
sum rate. According to the proposition in [108], the maximization of EE is equivalent with the

downlink rate maximization.

Figure.5.6 shows the convergence performance of Algorithm 3. This is a Cumulative distribu-
tion function (CDF) plot of the iteration numbers to reach the ¢ = 1073 in the maximization
of EE with RF' = 3 and 7 = 16. It can be observed that there are 90% of the results need 6
iterations to reaches the convergence point, and the optimization algorithm will 100% converge

within 12 iterations.

5.6 Conclusion

In this chapter, motivated by the increasing demand for reducing energy consumption in cellular
system designs, a general framework has been proposed for maximizing the energy efficiency of
the system with a guaranteed minimum downlink rate constraint - a framework can be utilized
in both multi-UE MIMO and massive MIMO systems. The optimal allocation of downlink
transmit power was developed, which was based on the joint adoption of the fractional pro-
gramming theory and sequential concave approximation. Because the difference of concave
function problems exists in the objective functions and constraints, a first-order approximation
has been considered for converting the non-concave problem into a series of concave problems.
This was followed by converting the optimization problem from a fractional form into a linear

form, in order for it to be solved iteratively.

Maximization of the minimum UE rate has also been considered in order to provide a feasible
constraint. By applying the proposed optimization algorithm, the numerical results showed an
improvement in the system’s minimum UE rate, where the pilot reuse scheme has increased
approximately 200% and the GLP-based codebook design almost increased 300% after utiliz-
ing the proposed optimization. In terms of the maximization of EE, compared with the equal
division of downlink transmit power, it has been increased six times with M = 64 and two
times with M = 256. The results have also shown that the energy efficiency of massive MIMO
system decreases with the number of BS antennas after optimization, because of the increased

circuit power consumption of BS. This suggests that an optimal number of BS antennas should
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be considered for balancing the rate and energy performance of efficiency.

This chapter will be followed by the conclusion to this thesis in which the works and contribu-
tions in terms of both the conventional MIMO and massive MIMO systems will be summarized,

after which a future extension of this research will be proposed.
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Chapter 6
Conclusions and Future Work

This thesis has contributed to both conventional multiple-input multiple-output (MIMO) and
massive MIMO systems. In this chapter, Section 6.1 will present a conclusion, which will
summarize its main contributions and Section 6.2 will focus on the further research directions

based on the findings from this thesis.

6.1 Conclusions

This thesis presented a study of both conventional MIMO and massive MIMO systems. The
contributions focus on the following two important perspectives: (i) capacity enhancement,
and (ii) energy efficiency improvement. The major research findings are summarized in the

following section.

6.1.1 The K-best Detector and Adaptive Modulation Scheme

The joint utilization of K-best detector and adaptive modulation scheme has been presented in
this thesis. The bit-error-rate (BER) performance estimation of the K-best algorithm in dif-
ferent channel conditions has been solved by the proposed estimation scheme, which is based
on the union bound (UB) of maximum likelihood detector(MLD) with minimum Euclidean
distance events that significantly reduced the computational complexity between 95% to 99%.
The BER estimation has guaranteed accuracy with the pre-estimated look-up-table (LUT). With
the reduced complexity and promising estimation accuracy, the K-best algorithm and adaptive
modulation is very suitable for the practical application, especially for the parallel high perfor-

mance hardware platform.

6.1.2 New Analytical Results

Three closed-form analytical expressions of down link achievable sum rate for massive MIMO

systems with time-division-duplex (TDD) operation have been proposed in this thesis. The
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adoption of analytical propositions helps to establish how the downlink achievable sum rate is
affected by the pilot contamination phenomenon, which is considered to be one of the main
limiting factors in terms of the performance of the massive MIMO systems. These propositions
can be utilized for the performance analysis of single-cell, multi-cell and pilot reuse schemes

respectively, since the numerical results have validated the analytical propositions.

This thesis has evaluated the performance of Grassmannian line packing (GLP) based pilot
codebook design and a comparison has been made with the pilot reuse scheme. Furthermore,
the numerical results have shown that the codebook design has significantly increased the down-

link performance for both cell centre and edge user-equipments (UEs).

6.1.3 General framework of energy efficiency maximization

This thesis proposes a general framework of energy efficiency maximization that can be applied
in both multi-UE and massive MIMO systems. The optimal allocation of downlink transmit
power, which is based on the joint adoption of the fractional programming theory and sequential
concave approximation, has been proposed. Since the difference of concave function problems
exist in the objective function and constraints, the first-order approximation has been considered
in order to convert the non-concave problem into a series of concave problems. It can be
iteratively solved by converting the optimization problem from fractional into linear form. The
numerical results proof the enhancement of minimum UE rate and the significant improvement
of energy efficiency. It was found that the energy efficiency decreases with the number of base

station (BS) antennas, because of the increase in circuit power consumption.

6.2 Future Work

Several directions may be taken that might possibly expand on the findings of this thesis.

o In Chapter 3, an assumption was made regarding the adaptive modulation scheme, whereby
the perfect channel state information (CSI) was fully available at the receiver. Further
improvements could be made for choosing the imperfect CSI for the performance pre-
diction of the adaptive modulation scheme. This is because the imperfection comes from
two different sources, (i) predicted errors from the channel estimation scheme, and (ii)

the delay existed in the feedback from receiver to transmitter. The extension of imperfect
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CSI is considered to be a more practical assumption and increases more difficulties for

the performance prediction in adaptive modulation scheme.

e In Chapter 3, the transmission parameter considered in the adaptive scheme is the mod-
ulation. More parameters could be included in the adaptive scheme; for example, the
coding schemes and transmit power could also be considered for the K-best detector
as it is similar to the present adaptive modulation scheme, whereby the transmit power
and coding method is adjusted to meet the varying channel conditions with the aim of

maximizing the spectrum efficiency.

e In Chapter 4, the least square (L.S) and maximum ratio transmission (MRT) methods were
utilized for uplink channel estimation and downlink precoding. A possible expansion
would be to consider other schemes. For example, zero-forcing (ZF) and minimum mean
squared error (MMSE) are linear channel estimation methods, which have also been
shown to perform well in massive MIMO systems. Similarly, the downlink precoding
can also be considered for the ZF and MMSE scheme to further enhance the downlink

rate.

e In Chapter 5, the power consumption model of downlink transmission adopted full ra-
dio frequency (RF) chains. An expansion could be made to optimize the number of RF
chains for downlink transmission; this is known as the hybrid analogue and digital beam-
forming[131, 132]. The optimization problem could be extended in order to maximize
the energy efficiency of the system with the number of RF chains being the variable,
which subjects to the constraint of minimum UE rate requirement and maximum down-

link power.
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Abstract—In this paper, the K best detection algorithm with
an adaptive modulati ple input multiple output
(MIMO) systems is proposed. A snmphﬁed error probability
approxnmatlon method based on the union bound (UB) of the
Maxi Likelihood det: (MLD) is proposed to predict the
bit error rate (BER) of the K-best algorlthm In specnﬁc, the
simplified approach only uses the mini
(MED) events which is suitable for the adaptwe modulation
scheme with much reduced computational complexity. In order
to improve the accuracy of prediction, the signal-to-noise ratio
(SNR) gaps between the UB with MED events and the full UB
are estimated. Finally, simulation results have clearly shown the
adaptive K-best algorithm applymg the simplified approxlmatlon
method has much red ional lexities while
maintaining a promising BER performance

Index Terms—Adaptive Modulation, K-best, Maximum Like-
lihood, Union Bound

I. INTRODUCTION

Multiple input multiple output (MIMO) is an advanced
wireless communication technology that has attracted great
interests from both researchers and industrialists. The utiliza-
tion of multiple antennas at both transmitter and receiver is
a promising technique to increase spectrum efficiency with
high diversity order [1]. The maximum likelihood detector
(MLD) is an optimal receiver design of MIMO system which
guarantees robust detection performance. However, the ex-
haustive search over the large lattice point space leads to
high computational complexity which is unrealistic in practical
application. To achieve quasi-MLD performance with accept-
able complexity, many novel detection algorithms have been
proposed including the fixed sphere decoder (FSD) [2] and
the K-best detection algorithm [3]. The K-best algorithm is
a non-linear detector that achieves the quasi-ML performance
with fixed complexity. The detection can be executed simul-
taneously by applying the breadth-first tree search with fixed
number of searching paths and it is very suitable for parallel
hardware platforms implementations. In terms of spectrum ef-
ficiently transmission in MIMO systems, adaptive modulation
scheme is an convincing technique to improve data throughput
over time-varying channels [4], [5]. The adaptive modulation
scheme estimates the MIMO channel at the receiver and feeds
back the most suitable modulation schemes that matches the
channel quality to users at the transmitter.

Recently the literature of the K-best algorithm mainly fo-
cused on the complexity reductions and detection performance
improvements. In [6], the authors proposed an adaptive K-
value method according to channel condition. An adaptive
K values will be employed in the detection according to the

978-1-4673-6540-6/15/$31.00 © 2015 IEEE

varying channel conditions. In [7] the authors considered the
complexity reduction on higher order modulation schemes.
Furthermore, discussions have been made on real-value system
versus complex-value system. In [8], the authors have made
optimizations on tree pruning and small /& values can achieve
optimal detection performance.

Contribution: Different from the literature discussed above,
the K-best algorithm with adaptive modulation technique is
proposed in this paper. Because the channel condition num-
ber is used as the channel quality indicator, we proposed
a simplified error probability approximation method based
on the union bound (UB) of the MLD to estimate the bit
error rate (BER) performance of the K-best algorithm. The
proposed method utilises the minimum Euclidean distance
(MED) events only in the approximation. Comparing with
the conventional UB approach, the simplified approximation
method has much reduced computational complexity so that
it is more suitable to be used for performance predictions in
real-time adaptive modulation setups. Furthermore, by setting
up the target BER, a look-up table (LUT) approach is applied
to approximate performance gaps between the proposed sim-
plified approximation and the conventional UB or the K-best
algorithm with different K values. Then the BER performance
of the K-best algorithm can be predicted accurately in the
adaptive modulation scheme. Based on the accurate prediction,
the modulation schemes that achieve the target BER will
be sent back to the users. As a result, a promising error
rate performance under different channel conditions can be
guaranteed with much reduced computational complexity.

Organization: the remainder of the paper will be organized
as follows. Section II gives a general introduction of the
system model and detection algorithms used in this paper. Also
a brief description will be given on the UB of MLD. Section
III specifies the procedures of how adaptation works and how
the LUT is generated. Section IV demonstrates the simulation
results. Section V provides the conclusions and future work.

II. SYSTEM MODEL AND DETECTION ALGORITHMS
A. MIMO System Model

Consider an uncoded MIMO system with N; transmit
antennas and N, receive antennas, denoted as N; x N,.. Note
that N,. > N,. The received vector y with size N, x 1 can be
denoted as

y =Hs+n, (1)

where s = [sq,82,...,5n,] T denotes the transmitted symbol
vector of size N, x 1 and each symbol is modulated with
a complex constellation based on M-ary quadrature amplitude
modulation (MQAM). The received complex vector is denoted
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as'y = [y1,y2, ..4,yN,]Tand n = [ny,n, ..4,77,N,]Tdenotes
the additive white Gaussian noise vector with elements of
independent and identical distributed (i.i.d) complex Gaussian
noise. In addition, the complex noise elements have zero mean
and variance of o2. The channel H € CN-*Nt has iid
elements hj; ~ CN(0,1) which indicates the uncorrelated
Rayleigh fading propagation environment. The assumption is
made that the channel matrix is perfectly estimated at the
receiver side.

For non-linear detectors such as the K-best algorithm, they
generally convert the received symbols y from a complex
value into a real valued form, which can be represented as

- ] - o <))« e

=H,s, +n,, (@)

where R {-} denotes the real part and I {-} denotes the
imaginary part of the symbol vectors. The size of the real
transmit and receive vector including the channel matrix is
twice that of the complex valued form.

B. MLD and K-best algorithm

The MLD performs an exhaustive search over the lattice
point space SVt where S denotes the constellation set of trans-
mit symbols. The detection performed by the MLD considers
all the lattice points with in the received signal space and the
optimal result will be the lattice point that leads to the smallest
Euclidean distance to the received symbols vector. It can be
represented as

$mLp = arg min ||y — Hs||%, 3)

se8Nt

where § is the transmit symbol vector with elements included
in the constellation set S and the ||(-)|| denotes the norm of the
vector. The computational complexity of the MLD increases
exponentially with the large modulation size and the number
of antennas in MIMO systems. For example, if the MLD is
used on a 16 x 16 MIMO system with 256-QAM, the detection
of one symbol vector searches over 256'6 lattice points. This
limits the practical use of the MLD.

The K-best algorithm is an attractive alternative to the MLD
with fixed complexity and uses parallel searches of the closest
lattice point. If the QR decomposition is applied on the real
valued channel matrix, then it comes H, = QR where Q
is a 2N, x 2N, unitary real value matrix and R is a 2N, x
2N, upper triangular real value matrix with elements 7,,,,. By
multiplying the nulling term Q™ on the MLD equation, the
reformulation is represented as

§ = argmin ||y, — H,s||?
$€S2Nt

= argmin [QQ™ (y, — H,s)|?

8€82Nt
: H H 2
=argmin | Q"y, — Q" QRs||
S€S2Nt
2N, 2N, N
=argmin Y |G — D Fnbn @)
seSN oy n=m

As R is an upper triangular matrix with zero elements under
the matrix diagonal, finding the closest lattice point in the
K-best SD algorithm can be transformed into a tree structure

Level INt e

}K paths survived
Level 2N

Level 2Nt-1 =

Level 7
Level 1 g /100

Fig. 1. The K-best detection tree diagram

search. Fig.1 shows an example of the expanded tree structure.
The lattice point tree contains 2N, + 1 tree levels. Each node
represents a real valued lattice point. Level m lies above the
m-1 level, so the nodes in level m are denoted as “parent
nodes” and each node in level m — 1 is a 10pt, “child node”.
Each parent node has /S real valued child nodes. The paths
between parent nodes and child nodes denote the partial
Euclidean distances (PED) between the lattice points. The PED
of the level m can be represented as

2N 9

Ym — E TmnSn

n=m

PED,, = PED,, 4, + NG

where includes the PED of the previous level PED,, ; and
the Euclidean distance (ED) of the current level. The K-best
SD algorithm performs a breadth-first search over the tree
which starts from the top to the bottom. At each level, only K
nodes with the smallest PEDs are kept as surviving candidates.
In the end the path with the smallest cumulative PED is chosen
to be the detection result.

C. Union bound of the MLD

In this section, a brief introduction of the UB of MLD
will be given. The UB P,;, of the MLD is a widely used
upper bound that provides a theoretical approximation of the
error probability [9]. The calculation of UB starts from the
Pairwise Error Probability (PEP), denoted as PSLHS/, . PEP is
the probability that the receiver detected vector s but that
vector s; was actually sent and it can be expressed as

Py =0 % ©)
si—s) = 20% )

where Q(-) denotes the Marcum Q-function and d2_, denotes
the squared Euclidean distance between the vector s and the
vector s’. For given channel realizations H, the d2_, can be
expressed as

d2 o =E[H(s; —s))|>. (7

The mean PEP over i.i.d. Gaussian channels will be calculated
for each pair of vectors. The UB of the MLD is sum of the
mean PEP of all the symbol vectors and it is represented as
MNe o MmN
Po= 55— > i)
> logy (M) [ M, =t i=1&j#i
n=1 n=1

XE{Q IERGe: — S5 H} ®)

1 1

2
2 Tn
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Fig. 2. System diagram of the K-best with adaptive modulation scheme

where e (s;, s;‘) is the number of bit errors between the vectors
s; and s; and M,, denotes the M-ary modulation size for
transmit antennas.

III. THE K-BEST ALGORITHM WITH ADAPTIVE
MODULATION SCHEME

In this section, firstly an overview of the proposed adaptive
MIMO system with the K-best algorithm is given. Secondly
we investigate how the detection performance is affected
by the channel condition number. Finally a comprehensive
introduction is presented on the simplified UB with MED
events method.

A. proposed adaptive MIMO system with the K-best algorithm

Fig.2 shows the block diagram of this system. The trans-
mitters are considered as users with single antenna devices.
The receiver is the device with multiple antennas using the
K-best algorithm as the detector. The detailed description of
the system is given as follows.

1) Measure the MIMO channel and the transmit powers:
each transmitter will first transmit pilot symbols to
perform channel estimation. At the receiver, the channel
estimation module predicts the channel state information
(CSI) according to the received pilot symbols.
Estimate the error rate for different modulation scheme
combinations: the adaptive modulation module com-
putes the error probability using perfect CSI with dif-
ferent modulation scheme setups for users.

Select the modulation schemes combinations: after the
calculation of error probabilities, the modulation combi-
nation reaches the target BER is chosen for the adaptive
modulation.

Feed back the chosen modulation schemes to users at the
transmitter side: finally, the combination of modulation
schemes that maximises data throughput and still meets
the target error rate is feed back to users. The users
then transmit data symbols according to the feed back
information.

2

-

3

N

4

Z

B. Influence of channel condition number on detection perfor-
mance

The propagation environment has a significant influence
on the performance of the K-best SD detector. One of the

channel quality metrics is the channel condition number,
denoted as k. The calculation of xp first applies singular
value decomposition of the channel matrix. Then ry is
defined as the ratio of the largest singular value over the
smallest singular value, which is denoted as ky = g$ma=
where A denotes the singular value of the channel marix.
The channel with k= 1 is considered as well conditioned
channel. The receiver can equalise the channel without loss
of performance. When xy > 1, the channel quality gets
worse with the increasing sy value. In [10], it has been
shown how the xp influences the detection performance of
the linear detectors (i.e., zero-forcing and MMSE). We are
interested in the influence of ky on the non-linear detectors
such as the K-best algorithm. Fig.3(a) illustrates how the BER

(a) Non-linear detector and the ML
with increasing kg7, in MIMO with
Ny = N = 4, 16-QAM, iid
Rayleigh fading channel

(b) Cumulative distribution function,
in MIMO with N; = N, = 4, i.id
Rayleigh fading channel

Fig. 3. The influences of channel condition number & 7 on non-linear detector

of K-best is degraded by the increasing value of xy. When
kg < 10, only the MLD and K = 16 have acceptable BER
performance which is below 1072, However, the performance
drops dramatically when x > 10. Furthermore, the degradation
in BER is significant in both large K values (e.g.,/X = 16)
and small K values (e.g.,K" = 4). Fig.3(b) plots the cumulative
distribution function (CDF) simulation of g for i.i.d Rayleigh
fading channel. It is shown that there is approximately a 30%
chance that kz > 10 and a 15% chance that kg > 15. The
CDF result indicates that the high condition number channel
events occur frequently, which significantly affects the overall
detection performance. Thus, based on the characteristics of
channel observed in Fig.3(b) and the degradation observed
in Fig.3(a), we propose the adaptive K-best algorithm. The
main goal of the adaptive K-best algorithm is to combat
influences brought by the varying channel conditions. By
selecting feasible modulation schemes that fit the channel
condition, the detection performance can achieve the target
BER.

C. The simplified UB with MED

In adaptive modulation, one important step is to get an
accurate prediction of the error rate under varying channel
conditions. It is mentioned in [3] that with a sufficiently
large K value, the K-best algorithm has close performance
to the MLD. Meanwhile, it is shown in [9] that the UB is
a tight upper bound of the MLD. As a result, the approx-
imation of the K-best error probability employs the UB of
MLD for each channel realization. However, Equation (9) has
shown high computational complexity that is not suitable for
practical implementation of the adaptive modulation scheme.
For example, if a 4 x 4 MIMO utilise 64-QAM scheme, the
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UB needs to calculate 64* PEPs and each PEP is averaged
over 64* pair of vectors which has very high computational
complexity. The approximation needs to be accurate and with
less computations. The simplified approximation method of
the error probability is proposed to overcome the high com-
putational requirement while maintaining good accuracy. To
compare with the conventional UB of the MLD, the simplified
approximation uses only the MED events for the calculation
of the PEP. The MED events indicate error events of the
constellation points that have the minimum Euclidean distance
to the transmitted symbols.The minimum Euclidean distance
is expressed as

min

dmin =
SEMNi&sts!

lIs —s'll- ©)]
To compare with the non MED events, the MED events have
the relation that

d?_, 2
) oo f [Bn)
o)< (/%)

In Equation (11), the reason of the MED events having higher
probabilities than the other error events is the Q function
is a decreasing function of Euclidean distance. Since the
MED events have significant influence on the overall error
probability approximation, the simplified UB utilizes MED
events in the PEP calculation to obtain a rough approximation
of the full UB. If the set Aypp denotes the subset of the
constellation points with the minimum Euclidean distance to
the transmit signal, then it is clear that Aypp is much less
than the full constellation point set. And the lattice space of
Amep is also smaller than the full constellation point lattice
space. The proposed simplified UB approximation of the K-
best algorithm’s performance is derived as

(10)

1 1 MYt Anep
Peyvpp = 5——; en(si Shimp)
S logy(My) [[ M, =t MED=1
n=1 n=1
H(si — shypp)ll?
XE{Q( MSQ#“—ASNR) H} an
(771

where P, );pp denotes the error probability approximation
using the UB with MED events only.

Although the UB approximations with the MED events
are not tight enough to yield an accurate approximation, it
has same PEP trend in high SNR region. The gaps between
the UB with MED events and the full UB in SNR are
estimated as error rate corrections for the use in the adaptive
modulation algorithm. If the SNR gap is denoted as ASNR,
it is represented as

ASNR = ASNRuygp + ASN Rypest - (12)

The estimation of the ASNR value starts from setting the
modulation combinations. The modulation combinations indi-
cate the possible feeding of modulation schemes to different
users. Then the channel condition numbers xy are divided
into different groups with small value intervals based on the
CDF of kp. The ASNRyp between the simplified UB and
the full UB within each group of xy are estimated. The other
key point is to estimate the gap between the K-best algorithm
with different K value configurations. Though a large K value

1< 5u < 5, UB-MED

ASNRUB, 35 <1 <40

Bit Error Rate

ASNRup s

0 2 4

310 12 14 16 15 20
E,,/No (dB)

Fig. 4. The UB with MED events and the full UB, in MIMO with Ny =
N, = 4, 16-QAM

leads to a quasi-MLD performance, under well conditioned
channels, small K values can also be used to get optimal
result with less computations. Therefore, small K value cases
are included in the adaptive scheme. The performance gaps
ASN Rypest are estimated so that the simplified UB is able
to predict the K-best algorithm with different /' values. The
accurate predications of error probability are based on the
above two performance gaps. A LUT can be built with ASN R
under different channel conditions and the LUT is crucial to
the adaptive modulation scheme.

IV. SIMULATION RESULT

In this section, the simulation results are given on perfor-
mance of the K-best algorithm with the adaptive modulation
scheme. The first step of simulation is to build the LUT
of ASNRy and ASN Rypess. For the ASNR estimations,
simulations have been made on a 4 x 4 MIMO system. There
are 4 users at the transmitter and the receiver has four antennas
with the K-best SD algorithm as detector. The M-ary QAM
modulation scheme is used in the simulation with M = 4, 16.
Based on the CDF of rp, it has been divided into 8 groups
with interval value of 5 from ky = 1 to ky = 40. For
example, group 1 is from ky = 1 to kg = 5, and group
2 is from kg = 6 to Ky = 10 etc.. Within each group of
K, there are minimum 10,000 randomly generated channel
realizations with x distributed within the range. Fig.4 shows
an example of how the ASN Ryp between the UB with MED
events and the full UB are constructed. The figure shows the
BER performance as a function of SNR of the fully calculated
UB versus the UB with MED events only. The BER curves of
these two bounds are consistent with fixed SNR gaps between
each other. With the target BER as 107%, the ASNRyp
values between the full UB and the UB with MED events are
estimated. Fig.5 shows an example of how the ASN Ryt 18
estimated between the UB using only the MED events and the
K-best algorithm with different /& values within different xz
value ranges. It is clear that with larger K values, the K-best
algorithm will have better performance. The reduction of the
performance of the K-best algorithm with different K values
at the target BER are estimated. In the simulation, there are
totally M Nt = 65536 possible transmit vectors and for each
vector, the subset Aypp approximately ranges from 24 to 81,
Comparing with the full UB with the set 16%, the reduction
of computations is around 94% to 99.98%.
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Fig. 5. The UB with MED events versus the full UB and K-best with different
K values, in MIMO system with Ny = N, = 4, 16-QAM, 35 < x < 40.
The K values are K = 8,12,16
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Fig. 6. BER of the K-best with adaptive modulation scheme versus the MLD
and K-best with different modulation combinations, in MIMO system with
N¢ = N, = 4 and modulation combinations listed in Table I.

Table 1 is built with the ASN Rypest covering eight dif-
ferent ranges of ky values. The ASNR values of the K-
best algorithm for both small and big K values are simi-
lar for small value of k. It indicates that with the well-
conditioned channels, the K-best algorithm can use small /'
values to reduce computational complexity. In the case of
large 7, the difference of ASNR between different mod-
ulation configurations becomes significant. The performance
degradations caused by high sy are obvious in higher order
modulation scheme with small /& values. Fig.6 shows the BER
performance of the K-best adaptive modulation scheme versus
the MLD and the fixed modulation K-best. For the users at
the transmitter side, there are six different configurations to
select according to the channel conditions following Table I.
The target BER is set to BERy = 1073, For each channel
realization, the predicted performance of different modulation
combinations will be calculated with the UB with MED events
and the LUT. The modulation combination with the closest
estimated performance to the target BER will be used for the
transmission. In Fig.6, the K-best with the adaptive modulation
scheme follows the BER of 4x4-QAM modulations until the
SNR is approximately 11dB. Then it fluctuates around the
target BER. The K-best with adaptive modulation scheme
maintains a constant BER performance with a higher data rate
than the other combinations.

TABLE I
LUT oF ASNR (dB)

KH () (2) 3) ) 5) (6)

I~5 033 [ 1.66 | 1.66 [ 1.43 [ 143 | 1.43
6~10 | 040 [ 224 [ 233 [ 220 | 2.20 [ 2.20
1T~15 [ 0.46 [ 240 [ 2.65 | 2.60 [ 2.60 [ 2.60
16~20 [ 0.50 [ 2.50 | 2.80 [ 275 [ 275 | 2.85
21~25 [ 0.55 [ 2.62 [ 290 [ 282 [ 2.84 [ 3.10
26~30 | 0.55 [ 2.65 [ 296 | 291 [ 3.02 [ 3.52
31~35 ] 0.60 [ 2.65 [ 3.00 [ 2.94 [ 3.15 | 4.61
36~40 | 0.60 [ 2.70 [ 3.05 | 2.96 | 3.40 [ 546

Notes: (1): 4 x 4 — QAM, (2):(16,4,4,4] with K = 16 for 16-
QAM and K = 4 for 4-QAM, (3):[16,16,4,4] with K = 16 for
16-QAM and K = 4 for 4-QAM, (4):4 x 16 — QAM with K =
16,(5):4 x 16 — QAM with K = 12, (6):4 x 16 — QAM with K = 8.

V. CONCLUSION

In this paper, the K-best algorithm with adaptive modulation
scheme was proposed in this paper. A simplified approach was
given to approximate the error probability with the minimum
Euclidean distance events considered only. By estimating the
performance gaps between the conventional union bound and
the simplified union bound, accurate predictions can be made
on the BER performance of the K-best algorithm with much
less computations. From our simulations, the adaptive K-best
has guaranteed the BER performance with an approximately
94% to 99% reduction of computations comparing with the
conventional union bound in one search iteration. The future
work will consider the performance in the cases of imperfect
CSI and correlated channels.
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Abstraci ive multiple-input multipl tput (MIMO) is
a promising technology that provides high system capacity, and
with excellent performance in energy efficiency and system
robustness. H , pilot restricts the system
performance due to the limited length of orthogonal training
sequences. In this paper, we propose optimization of non-
orthogonal pilots for uplink training. The Grassmannian line
packing method is applied in the design of pilots that leads to
maximum chordal distances between training sequences which
reduces pilot contamination. The analytical expression of the user

quip (UEs) signal-t eference-pl ratio (SINR)
in multi-cell massive MIMO system and the analytical SINR
of UEs in Gr i are pr d. Simulation
results show shown that non-orthogonal pilot sequences with the
Grassmainn line packing method yield significant improvements
of the system capacity.

fe 1

Index Terms—Massive MIMO, TDD, non-orthogonal pilots,
Grassmannian line packing

I. INTRODUCTION

Massive multiple-input-multiple-output (MIMO) system is
an advanced wireless communication technology that has at-
tracted great interest from both researchers and industrialists in
recent years. The deployment of a large-scale array of antennas
(tens or even hundreds of antennas) at the base station (BS)
is desired to support increased numbers of user equipments
(UEs) in the same time-frequency resource. It is shown that
both spectrum and energy efficiency can be greatly improved
through multiplexing gain and the pairwise orthogonal channel
property [1]-[3]. Furthermore, the complexity of both detector
and precoder designs can be much simplified.

However, the limited length of the coherence interval may
cause pilot contamination, which seriously affects estimation
of the channel state information (CSI) and consequently
degrades the system performance. One solution is to reuse
orthogonal pilots between UEs or cells and many novel reuse
schemes have been proposed to reduce this effect. In [4] a pre-
coding method was proposed for the multi-cell MIMO system
to reduce the pilot contamination effect. An orthogonal pilot
reuse scheme was proposed in [5] with reuse factor of seven.
The pilot contamination was mitigated at the cost of increasing
the sample duration of training sequences. In [6], the UEs are
divided into cell-centre and cell-edge groups. Different pilot
orthogonal pilots are assigned to these two groups which leads

Pan Cao and John Thompson acknowledge financial support for this
research from the UK EPSRC grant number EP/L026147/1. Simulation data
is available at http://www.homepages.ed.ac.uk/jst/.
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to a reduction of both the pilot contamination and the pilot
sample duration.

In contrast with pilot reuse schemes, in this paper the
focus is on the Grassmannian line packing (GLP) based pilot
scheme. Although in [7], the GLP-based pilot sequence design
is proposed to reduce contamination, the discussion relates to
the estimation error performance and does not provide the
theoretical analysis of pilot length on the throughput. The
authors compare the throughput performance of different pilot
schemes [8], but the study is limited to a single-cell scenario.
In this paper we focus on evaluating the downlink achievable
rate performance of a time-division-duplex (TDD) multi-cell
massive MIMO system with the GLP based pilot scheme.
The closed-form achievable sum rate expression for the multi-
cell system is presented and comparisons are made with the
conventional pilot reuse scheme. The numerical results show
that the GLP-based pilot design significantly outperforms the
pilot reuse scheme and it brings large gains in the system
throughput.

The rest of the paper is organized as follows. In section
II, an description of the multi-cell massive MIMO system
model is given. In section III, we list the proposed analytical
expressions and description of the Grassmannian line packing
problem. The simulation results and discussions are given in
section IV. Finally, the conclusion of the paper is given in
section V.

Notation: The bold font notation is applied to represent
matrix or vector. To a matrix A, AT denotes its transpose,
A" denotes its Hermitian transpose and A* represents its
conjugate transpose. CA(z,y) denotes the complex normal
distribution with x as mean and y as variance, diag(-) denotes
the diagonal matrix, E[-] and Var {-} represents expection and
variance, respectively. Iy, is M-dimensional identity matrix.
® is Kronecker product.

II. SYSTEM MODEL

We consider a multi-cell massive MIMO cellular network
with L cells which is illustrated in Fig.1. Each cell includes
a central BS equipped with M antennas serving K single-
antenna UEs where M > K. We consider a block-fading
channel and the channel vector from the k-th UE in the i-th
cell to the BS in the j-th cell can be represented as

8k,ij =V Ok.ijhe,ij (1)

189 © VDE VERLAG GMBH - Berlin - Offenbach, Germany

25



Original publications

WSA 2016 « March 9-11, 2016, Munich, Germany

— Coherence Interval —_

Uplink Downlink
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Fig. 1. A multi-cell massive MIMO system with signal antenna UE

where [3;.; ; represents the large-scale fading coefficient that
models the effect of path-loss and shadowing; hy, ; ; represents
the small-scale fading and vector contains independent and
identically distributed (i.i.d) random variables where hy ; ; €
CN(0,I5). The coherence interval is also illustrated in Fig.1,
which can be divided into three parts: uplink training, uplink
data transmission and downlink data transmission. With the
coherence bandwidth B. Hz and T seconds as the coherence
time, the number of samples 7, equals to 7. = Ts X B..
It is assumed that the channel model /G jhy i ; remains
constant during one coherence interval.

A. Uplink Training

TDD operation is considered in this paper. The transmission
starts with UEs sending their own training sequences to their
BS simultaneously. To the UE i of the j-th cell, each UE will
be assigned a pilot sequence vector which is denoted by s; ;.
The s; ; € C"*! has a length of 7 samples and E[fs; ;|?] = 1.
The correlation coefficient of pilot sequences between the UE
7 and the UE k in the jth-cell is described as

Piry 2 st ysesl, @

where p?; o € [0,1]. To the BS in cell j, it is assumed to
receive the uplink training sequences from the UEs in both
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cell j and the other L — 1 cells, which can be represented as

Yi
K L K
= Z\/puﬂk,j,jsk,].jhk,j,ﬁrz Z V/PuBr,t, Sk, Bk 5+
k=1 175 k=1
<

cell j other L—1 cells

L K
= Z Z V/PuBr,i,j Sk bk + 1y, 3)

where y; € C™M>1 denotes the received pilot vector; p,
denotes the uplink transmission power; n; € C™*! denotes
matrix of additive white Gaussian noise (AWGN) at the BS
with elements nps k. ; € CN(0,021p); Sj.1,; represents the
matrix with pilot sequence and Sy, ; ; = si.1,; @ Ins. Once the
BS received the uplink training sequences, least squared (LS)
algorithm is utilized for the channel estimation. The estimated
CSI can be expressed as

T
hijj =8i;,¥i

K L K
=/ Bijihij; +Zpi.k.jhk,,‘,j+ZZPi.k.thk,z,z+SL_J n;.

ki 1#5 k=1
()

Equation (4) indicates that the correlation between pilots has a
significant influence on the accuracy of the estimation. If both
pik,j and p; x; are equal to 0, the estimated result will be the
desired CSI corrupted only by noise. However, as mentioned
above pilot contamination commonly exists in the massive
MIMO systems. As a result, the interference between pilots
might result in non-zero correlation coefficients which will
reduce the estimation accuracy.

After uplink training, the UEs start the data transmission
and the estimated CSI will be utilized in the BS for signal
detection. The received uplink data at the j-th cell is given as

L K
Yj,data = Z Z V/PuBk,1,jXk,1, 50k 1,5 + D, (5)

=1 k=1
where y; 4ato denotes the received uplink data by the BS in
the j-th cell; x;; ; represents the uplink transmit data; ng
denotes the additive noise. It is assumed that the power of
data transmission is equal to that used for the uplink training.

B. Downlink Data Transmission

Recall that reciprocity in the TDD operation leads to the
utilization of the estimated uplink CSI in the downlink data
transmission. In addition, a linear precoding method is also
adopted. We assume that the received noisy downlink signal
by UE i in the j-th cell is denoted as r; j, where it contains
downlink data streams from both the BS in cell j and the other
L — 1 cells. It can be represented as

L K
=Y \/PPEBM S qikatie 2, )
=1 k=1

where plDf, represents the downlink transmission power;

\/“S,A]Alhﬁjyl denotes the downlink CSI from the BS in the
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I-th cell to the UE i in the j-th cell; q;x,; is linear pre-
coding vector and ¢;,; denotes the data symbols streams
transmitted by the BS in the I-th cell; z; ; is the AWGN and
z,j € CN(0,021)) . As a result, the UE’s received signal
can be derived in the form of the desired signal plus the
effective noise indicating the inter- and intra-cell interference.

Let Gijj = \/pPF;Bis500 5

be represented as

then the received signal can

ri; = E[Gi5]di,5ti55 + Zij» ©)

where z ; Tepresents the effective noise and can be expressed
as
K
2= (Giji—E[Gi )i tii+ Gijg ZQi,k,jtz.k.j
ki
L K
+ZZ\/ﬂijhffmquk,ztz,k,l+Zz,j~ 10
1£j k=1

According to the descriptions in [8], the precoding vector of
the UE i in the j-th cell, q; ; ;, is given as

h; 5J5J

K
]V[(Z /)?Ei_'—”?”)
ik

In addition, it is assumed that if the number of antennas at the
BS increase to infinity, we can get the following law of large
number or the asymptotic orthogonality between channels in
massive MIMO system

Qijj = — (11

In Lemma 1 of [8], they only considered the SINR of single-
cell scenario. The following proposition gives the achievable
sum rate with the SINR of multi-cell scenario.

Proposition 1. For a L cells TDD massive MIMO system
serving K UEs with a training sequence length of T, the
achievable sum rate of the system can be given as

L K
R=3"Y" (1 - %) logy (1 + SINRy, 1)

=1 k=1

(13)

where the SINRy.; is given by equation (12) at the top of the
page.

Proof. As shown in Lemma 18], E[lhf; hy;l] = M?p?) i+

M-~y.,; where vy ; = Z Pi .+ 0% E[[bf] hi ;] = M2 By

substituting into equallon (6), we can get the proposed SINR
and consequently the achievable sum rate.

The proposed achievable sum rate in Proposition 1 has
clearly shown how the varying length of pilots 7 and the
correlations between pilots p; ;. ; influences the performance
of the system. Assuming the training sequences are limited in
length, different methods have been proposed to reduce the
interference caused by pilot reuse in the denominator of the
SINR [6], [7]. In the next section, the pilots design utilizing
the GLP method will be introduced.

III. GRASSMANNIAN LINE PACKING BASED PILOT DESIGN

The GLP design problem is to find the optimal packing of
one-dimensional vectors in a vector space which has already
been utilized for beamforming codebook design under the
limited feedback in a multi-user MIMO system [9], [10].

lim L he o — 0, ifi#k (12) In this section, we will introduce the GLP problem and
M=o M ’“ kodod 1, ifi=kF. investigate the application to pilot sequence design.
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Consider two 1-dimensional unit vectors wy; and wy all
belong to a matrix ®,, with w; = wy. The equivalence
of two vectors can be seen as two lines with same length
in a complex vector space C™. The two lines can also be
seen as two one-dimensional subspaces in C™. The set of all
the one-dimensional subspaces in C™ is denoted as G(m, 1),
named the Grassmann Manifold. In the Grassmann manifold,
the distance between the two subspaces w; and w is defined
as the sine of the angle s, w, between these two subspaces,
which is formulated as

de(W1,W2) = sinfy, w, = /1 — |wiws|2.

Assume that there are N one-dimensional subspaces in the
Grassmann manifold G(m, 1), the GLP problem is to optimally
pack these N subspaces, i.e. the N subspaces are equally
separated in space with the largest possible adjacent distances.

The GLP method can also be utilized in pilot sequence
design. If each UE is assigned a training sequence with length
7 and there are totally X' UEs in the L cells, it forms a
K x 7 matrix with the pilot sequence as the row vector. Due
to the limited length of 7, it is not possible to assign each UE
with orthogonal pilots in a TDD massive MIMO system. As
a result, in the pilot reuse scheme [6], only some of the UEs
are assigned with orthogonal pilots and the rest of UEs reuse
these pilots. However, the pilot sequences can be treated as
packing K one-dimensional subspaces in a G(7, 1) Grassmann
manifold. With maximum adjacent distances between pilots,
the correlations between pilot sequences will be minimized.
The correlation between pilot sequence s; and s; can be
written as

14

pgth = [sllsq|? = 1 — d2(s1,82). (16)

In [11], [12] is proposed an upper bound of the distance
in the Grassmannian manifold. To pack K subspaces (ie. K
UEs) in the G(7,1) Grassmann manifold, the bound can be
expressed as

7% if K <7(r+1)/2

it K > r(r +1)/2. an

The above upper bound of distance can be utilized in bounding
the correlations of the pilot sequences scheme with GLP.
Consequently, we can estimate the achievable sum rate with
the proposed pilot sequence design.

Corollary 1. For a L cells TDD massive MIMO system
serving K UEs with the length of training sequence equal
to T, the achievable sum rate of the system with the proposed
pilot sequence design can be expressed as

L K

Ro=Y" (1~ 7)los, (1+SINRE))

=1 k=1

(18)

where SIN RkGJ is given by equation (19) and p}, is repre-
sented as

ifK <7(r+1)/2

if K >7(r+1)/2,
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TABLE I
TABLE OF SYSTEM PARAMETERS

Number of cells L 7
Number of at BS M 64-128
Cell radius 250 m
Minimum distance between UE and BS 35m
Average transmit power at BS 40 W
System bandwidth 200 kHz
Carrier frequency 2 GHz
Velocity of mobile 10 km/h

90 T T T T T T T T
—0-M = 64 & reuse
80 |- |=*-M = 96 & reuse
> M = 128 & reuse

—e-M = 64 & GLP
[[|=+Mm=96&cLP
M = 128 & GLP

~
S

Achievable sum rate (bits/symbol)
N @ A o o
s 8 & & 8

3
N\

o

0 5 10 15 20 25 30 35 40 45
Length of Pilot Sequence

Fig. 2. Comparison of the achievable sum rate with pilot reuse scheme and
non-orthogonal pilot scheme in the pilot contamination regions

Proof. Based on equations (16) and (17), we can get a lower
bound on the correlation values. And by applying the GLP
in pilot design, the correlation between pilots is same and by
applying the bound of p in Proposition 1, it provides an upper
bound on the achievable sum rate of the system. O

IV. SIMULATION RESULTS AND DISCUSSIONS
A. Simulations results

The performance of the proposed GLP based pilot design
is evaluated by Monte-Carlo simulations. Consider a massive
MIMO system with 7 equal size hexagon shaped cells with a
radius of 250 meters In [13], it pointed out that massive MIMO
systems are likely to be installed in high-capacity hot-spot re-
gions to serve a large number of UEs, such as in football stadia
or shopping malls. As a result, the non-uniform distribution
of UEs in a multi-cell massive MIMO system is considered
in the simulation. The simulation includes seven cells with an
equal number of antennas at each BS but the central cell is
considered to serve more UEs than the neighbouring six cells.
The UEs are randomly distributed in each cell with minimum
35 meters distance from BS. Furthermore, the velocity of each
mobile is set to a small value (10 km/h). The calculation
of path-loss follows the model 35.3 4 37.6log,, dy, g where
dy,p denotes the distance (with unit meter) between UE and
BS. The downlink transmit power is assumed to be equally
distributed to the UEs in each cell.

Fig.2 shows the simulation results of achievable sum rate
with increasing pilot length 7 for different numbers of an-
tennas at BS where M = 64,96 or 128. The comparison
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Fig. 3. Comparison of the achievable sum rate with pilot reuse scheme and
non-orthogonal pilot scheme in the pilot contamination regions

TABLE II
TABLE oF UE GROUPS

Central cell | Neighbouring 6 cells | Total UEs
Group 1 5 UEs UEs 23 UEs
Group 2 15 UEs 6 UEs 51 UEs
Group 3 30 UEs 12 UEs 102 UEs

is made between pilot reuse scheme and the non-orthogonal
pilot scheme with pilot contamination where 7 < K. The
central cell contains 15 UEs while the neighbouring 6 cells
contain 5 UEs. It can be observed that all the achievable
sum rates linearly increase with the number of antennas at
the BS. This is consistent with the proposition in [8] that the
transmission rate is fundamentally limited by the length of
the pilot sequences. When 7 = 44, the sum rate of the GLP
based training sequence is doubled over the pilot reuse scheme.
Furthermore, the GLP based pilot scheme has achieved signif-
icant improvements in transmission rate over the pilot reuse
scheme for all the antenna configurations. This result is due to
the small 7 value leading to limited reuse of possibilities for
the pilot signals so that the pilot contamination degrades the
throughput performance significantly. Nevertheless, the GLP-
based pilot design is able to mitigate the pilot contamination
even with a small 7 value. As a result, it has achieved much
higher sum rate.

Fig.3 shows the achievable sum rate versus the varying
number of UEs. Table II lists the three different groups of
UE distributions that used in the simulation with M = 256.
Again the GLP-based pilot design outperforms the pilot reuse
schemes among the three UE distributions. The performance
gaps between these two pilot schemes increase with the length
of the training sequence. The GLP based pilot sequence brings
approximately 70% increase of sum rate over the pilot reuse

ISBN 978-3-8007-4177-9 193

scheme. In addition, simulation results indicate the GLP-based
pilot design is desired to be applied for a large number of UEs.
For example, when 7 is equal to 50, the gap of two schemes
for K = 51 is about 60 bits/symbol and for K" = 102 it is 80
bits/symbol.

V. CONCLUSIONS

The achievable sum rate performance of a massive MIMO
system with a Grassmannian line packing based pilot scheme
is investigated in this paper. A new closed-form achievable
sum rate is proposed and simulations has been made with
the TDD multi-cell massive MIMO systems with different
configurations of the number of BS antennas, UE configu-
rations and pilot sequence length. The results showed that
the application of Grassmannian line packing in pilot design
has significantly improved the throughput performance by at
least 70%. In addition, it has shown that the Grassmannian
line packing based pilot scheme is suitable to serve cells with
large number of UEs. Future work will be focused on the joint
optimization of capacity and energy efficiency.
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Non-Orthogonal Pilots Based Spectral and
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Abstract

Channel estimation plays an important role in massive multiple-input multiple output (MIMO)
systems in order to benef t from the high beamforming gain by forming very narrow beams. However,
pilot contamination (PC) usually exists and inf uences the quality of estimated channel state information
(CSI) due to the confict between the limited channel coherence interval and the large number of user
equipments (UEs). Instead of utilizing the traditional pilot reuse scheme, we apply the principle of Grass-
mannian line packing (GLP) for the non-orthogonal pilot sequence design in order to mitigate the PC
effect, where pairwise correlations between non-orthogonal pilot sequences has the same value between
0 and 1. In this work, for multi-cell massive MIMO systems with time-division-duplex (TDD) mode,
we propose a new closed-form expression based on the use of non-orthogonal pilot sequences,which
clearly shows how the PC, transmission power and number of base station (BS) antennas inf uence the
system spectral eff ciency (SE). In addition, we also propose a general framework to optimize the energy
eff ciency (EE) by effective downlink power control by two steps. We frst solve a feasibility problem
to determine maximum rate requirement for UEs, and then we apply the fractional sequential convex
approximation algorithm to maximize the EE subject to feasible rate constraints to guarantee the QoS.
Numerical results verify the propositions and show the improved performance of non-orthogonal pilot

sequences to the traditional pilot reuse scheme in both SE and EE.
Index Terms
Massive multiple-input-and-multiple-output, spectral eff ciency, energy eff ciency, non-orthogonal

pilot sequence, fractional programming
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I. INTRODUCTION

Massive multiple-input-and-multiple-output (MIMO), also known as large-scale antenna sys-
tems, is a promising mobile communication technology to build the f fth generation (5G) cellular
networks. A large array of antennas - hundreds or even thousands - deployed at a base station
(BS) gives the potential of high data rates and reliability for tens or even hundreds of user
equipments (UEs) within the same time-frequency resources [1]-[3].

However, these benef ts offered by massive MIMO heavily rely on the quality of the estimated
channel state information (CSI) [4], [5]. In massive MIMO systems, the time-division-duplex
(TDD) operation mode may be preferred to the frequency-division-duplex (FDD) mode because
the feedback of high-dimensional channels can be avoided by utilizing channel reciprocity in
the TDD mode. To obtain high quality CSI in TDD mode, long orthogonal pilot sequences are
needed in order to avoid pilot contamination (PC). However, the transmission of such long pilot
sequences usually conficts with the f nite channel coherence interval. As a result, PC becomes
a limiting factor for the spectral eff ciency (SE) when short pilot sequences are not properly
designed [4], [5]. Therefore, much attention has been attracted on pilot sequences design in
order to reduce inf uence of PC on the system performance.

Meanwhile, as the number of BS antennas increases greatly, massive MIMO may cause higher
energy consumption. Due to the fact that the BSs accounts for more than 70% percent total
energy consumption in the existing cellular network [6], [7], it has become a main concern for
the 5G cellular operators how to realize the green network operation. Therefore, besides the SE
performance, the energy eff ciency (EE) is also a crucial performance metric for massive MIMO

system design and evaluation.

A. Related work

One widely used scheme for pilot sequence design for channel estimation in a massive MIMO
system is pilot reuse. The basic idea of pilot reuse is for some UEs to reuse the same set of
orthogonal pilot sequences as the others [5]. As the UEs who use the same pilots will interfere
with each other in the uplink pilot transmission, PC highly depends on the how the orthogonal
pilots are allocated to the UEs. Therefore, previous literature focused on how to smartly reuse
pilots to reduce the PC effect. The authors in [4] utilize a common cell-based reuse, where the
set of orthogonal pilot sequences are reused by the cells in a regular pattern. In [8], [9], the pilot

sequence design has been improved by dividing sequences into several subsets while UEs are
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divided into cell-centre and cell-edge groups according to path-loss and shadowing. Following
this division, one subset is reused by the centre UEs and the remaining subsets are assigned
to the edge UEs. This pilot allocation improved the QoS of edge UEs with a rate decrease of
central UEs as compensation. In [10] the authors consider the covariance between the desired
and the interfering UE channels because the channel estimation performance depends on the
overlap of their dominant subspaces. The PC effect has been much reduced under the condition
of limited angle of arrival at BS. In [11], the optimal schedule of UEs in each cell based on a
given number of antennas and coherence interval is proposed.

Another pilot sequence design scheme is the recently proposed non-orthogonal pilots based
scheme [12]. Unlike the pilot reuse scheme where the pairwise correlation value of pilot se-
quences is either 0 or 1, the non-orthogonal pilot sequence based scheme has a correlation value
between 0 and 1. The authors in [12] investigate the error variance performance of channel
estimation with non-orthogonal pilot sequences design, whereas the performance analysis of the
SE and EE is excluded. In [13], the SE performance is analyzed for a single-cell massive MIMO
system, which is extended to a multi-cell system in [14], [15]. However, the derivation for the
SE expression is based on an unrealistic assumption in [14], which will be explained in Remark

1 in section III.

B. Contributions

This work aims to provide a complete and accurate analysis of both the SE and EE for a
multi-cell massive MIMO system with TDD mode when the non-orthogonal pilots sequences
are used. The main contributions are summarized as follows:

1) We derive a new closed-form sum rate expression based on the non-orthogonal pilot
sequence scheme for a multi-cell massive MIMO system in Theorem 1 of Section III. This
expression clearly shows how the PC, the number of BS antennas and uplink/downlink
transmission power infuence the SE performance. Furthermore, this expression can be
formulated as the sum rate based on orthogonal pilots reuse scheme as shown in Corollary
1 of Section III;

2) We propose a general framework for the optimization of the EE. Based on the proposed rate
expression, the framework frst solve a feasibility problem to determine the maximum rate

requirement for the UEs. Then, we utilize the fractional sequential convex approximation
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(SCA) algorithm to optimize the EE subject to the feasible rate constraint by downlink
power control.

3) We use the principle of Grassmannian line packing (GLP) to generate the non-orthogonal
pilot sequences for channel estimation in numerical results. In addition, we also consider
the existence of distortion in the non-orthogonal pilots due to the non-ideal hardware in
practical systems.

The remainder of this paper is organized as follows: Section II introduces a multi-cell TDD
massive MIMO system model; Section III proposes and analyzes a closed-form expression of
downlink achievable rate; Section IV first formulate an EE maxmization problem and presents
an algorithm to solve it; Finally, numerical results and discussions are provided in Section V.
The following notations are utilized through the paper. The bold font notation is applied
to represent matrix or vector. For a matrix A, AT, A¥ and A* represent its transpose, Her-
mitian transpose and conjugate transpose, respectively. CA/(x,y) denotes the complex normal
distribution with x as mean and y as variance, diag(-) denotes the diagonal matrix, E[-] and
Var {-} represents expectation and variance, respectively. I, is M-dimensional identity matrix.

® denotes the Kronecker product.

II. SYSTEM MODEL

Consider a multi-cell massive MIMO cellular network with TDD mode. In each cell, a BS
is equipped with an M-antenna array serving K single-antenna UEs. Note that M > K. A
block-fading channel model is considered and the channel vector from UE i in cell j to the BS
[ can be represented as \/@hw, where f3;;; represents the large-scale fading coefficient that
models path-loss and shadowing; h;;; represents the small-scale fading and each element in h;;;
is independent and identically distributed (i.i.d) satisfying h;;; € CA/(0,I,). It is assumed that
the channel model //3;;h;;; remains constant during one channel coherence interval.

1) Uplink Channel Estimation: The uplink transmission starts with UEs sending their own
pilot sequences to their home cell BS simultaneously. Each UE ¢ in cell 5 will be assigned a
pilot sequence vector s;;, where s;; € C™! has a length of 7 samples and E[|s;;|?] = 1. The
correlation coefficient of pilot sequences between the UE 7 and the UE i # i in cell j is given
as

2 A He |2
Pijis = ‘Sijsfj‘ s (1)
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where in the perfect orthogonality condition it follows:

0, if i#1
p?jj]‘ = _ 2)

1, iof i=1.
It is assumed that all active UEs send their uplink pilot sequences simultaneously and the BS
receives the uplink pilot sequences from both the home cell and the other L — 1 cells, where

the received signal at BS j is expressed as

Z\/P;ﬂ dkjjsk]hkjj+z Z\/ DBt jSkihp j+n;

I#5 k=1

cell j other L—1 cells

L K
Z Z VP Br i Sk j + 1y, 3)

=1 k=1
where y; € C™>! s the received signal; pj; denotes the uplink transmit power; n; € C™>!

represents additive white Gaussian noise (AWGN) at the BS, where each element satisfies the
distribution CN(0, 02); Sg; € C™>*M denotes the matrix includes the pilot sequence from UE
k to BS j and S; = s ® I);. Once the BS receives the uplink pilot sequences, the least square
(LS) method is applied for estimating CSI, where the estimated CSI for UE i is represented as

z]] =\ Ijjhljj+ (Z\/p“dkuﬂu k]hk]]+zz V pklﬁkl]pzj klhklj+stjn_]> . (4)

k#i I#7 k=1
Equation (4) shows how the correlation between uplink pilot sequences influence the accuracy of

estimation result. If there is no PC, the desired CSI is only affected by thermal noise. However,
PC exists when the length of pilot sequence is shorter than the total number of UEs (K x L
in total). Therefore, an uplink pilot design and PC mitigation are important to Massive MIMO
systems.

2) Multi-cell Downlink Transmission: It is assumed that the estimated uplink CSI can be
utilized for downlink transmission because of the channel reciprocity. To reduce the complexity
and latency for online strategy design, MRT beamforming is applied for downlink precoding.

Then, the received noisy signal by UE i in cell j can be expressed as

L K
[ a H H dq H )
puﬁlj 7h2j J § hl]] i5,jLij,j +§ § pizﬁij,lhz‘j,ztkl,lfkl,l +zij

1#j k=1
cell j other L—1 cells
L K
= Z Z \/ P B b it + 2ig, (5)

=1 k=1
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where p‘fj is the downlink transmit power; 3”,hg ; denotes the downlink CSI, which utilized
the uplink CSI; z;; represents the AWGN satisfying z;; € CN(0, 0215,); i, represents the data
symbols streams to UE £ in cell [ from BS [ and t;;; denotes MRT beamforming direction based

on the estimated CSI, i.e., tkl,l = Hkl,l/HHMJH-

III. THE PROPOSED DOWNLINK ACHIEVABLE SUM RATE
A. Multi-cell Massive MIMO Downlink Achievable Sum Rate

The channel property of the asymptotically favourable propagation environment [1] can also
be applied in massive MIMO due to the very large number of antennas, which implies that two

different channels can be considered to be approximately orthogonal, i.e.,

1 0, ifi#k
lim —h! h;; = (6)
e N Vg R
Moo M 1, ifi=k.
Based on (6), the term E Hﬂg jﬁij,jl can be simplified as
R 1 K
E [|bf] byl = M ( — > (BaiBupf + a,i)) = Mai;m @)
) =1 n=1
As a result, the beamforming direction t;; ; used by BS j for UE ¢ in cell j can also be expressed
as
1 ~
tij; = —=—=h ®

VMg
Based on Equation (5), the received signal at a UE can be interpreted as the desired signal and

effective noise when the intra-cell and inter-cell interference are treated as additive noise. Let

Gij = 1/ p;'ijﬂij,jhg,jtij’ then the received signal at UE ¢ in cell j is represented as

rij = Elgilwi; + 25, )

where z;; represents the effective noise and is expressed as

K L K
Z/;j = (95 — Elgis])xiy + ngjll“/kj + Z Z Ikl Tht + Zij- (10)
ki I#j k=1

The multi-cell average downlink achievable rate for UE ¢ in cell j is given as [16]

R = (1 - %) logy (1+7%) an
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where the downlink SINR ~¢; is
2
74‘ _ (]E [hg,_itﬁvi}) /Sij«jpldj 12)
ij K L K 5 ’
Var [hg“jtijj] Bijird;+ §E |h%,jt7nj,j|%ij.jpgn]' + l; ]\leE \hﬁé,ltm‘zIﬁq,mil + o2
m#i j k=

Based on Equation (11), we derive a closed-form expression for average downlink rate as follows.

Theorem 1. Consider a multi-cell massive MIMO system with TDD mode. When we utilize the
LS method for uplink channel estimation and MRT beamforming as downlink precoding, the

average downlink rate for UE i in cell j can be expressed as

R = (1= 2 ) log, (1+7%) 13

where 7;1]- denotes the SINR of UE i in Cell j, i.e.,

-
Yij =
MB2 i
- fz],]pzj — , (14)
E MBij P 02505 \ 4 -, MBiipp,
Qijam | Bigghly + 21+ =5 2222 )8y it 47 S0 ( 1+ =t )3y pfy + 02
J i P ¥mj,nm J iZ5 =1 PriO%l,nm
LK o
Wwith Qijm = 3 3 5 (Bam,iPljmm + 05)-
m=1n=1""
Proof. See Appendix. O

Remark 1. The proposed expression of (14) in Theorem 1 is more accurate than [14], since the
uplink power control assumption of p;;f3;;; = 1 for all | used in [14] does not hold in general.
For example, if Bij1 = 2, Bij2 = 3, we cannot make both p;;fBi;1 = 1 and p;;Bi2 = 1 hold at

the same time by controlling a single variable p;;.

The achievable rate expression given in (8) clearly shows how the system spectral efficiency

is affected by the correlations between the pilot sequences.

B. Pilot Reuse Scheme

When the length of pilot sequences is less than the number of UEs, pilot reuse is usually
needed as in previous work. A trade-off exists between reuse factor and training overhead. If
a larger reuse factor value is utilized, there will be less UEs that suffer inter-cell interference
and the downlink SINR might be improved. However, it also causes higher training overhead at

the same time, which will reduce the time period for downlink transmission. Therefore, based
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on the results in Theorem 1, we characterize the downlink achievable rate for the pilot reuse

scheme as follows.

Corollary 1. For a positive integer pilot reuse factor U, the achievable downlink rate for each

UE with pilot reuse scheme is given as

. T o
R& — (1 - T) log, (1 — i ) 7 (15)
where '\/Z’PPT denotes the SINR for UE i in cell j, i.e.,
MpB2 pd
7;1];1” — B (16)

K
ijnm (kEL BiigPy + 6 + & + & + 0%)

with the definitions of
-

K
&2 D B (17a)

Li#j k=1
L/U K—1

G2 Y Bl (17b)

la#j ka=1
LIU 1

M Bity 1,04
613 £ Z Z (1 + f2ka l2> /37712,12]72312' (170)

laks Fs Dty Vkslanl
Proof. Under the assumption that pilot reuse factor U is a positive integer, the number of UEs
which can be assigned to the set of orthogonal pilots is (L — £) x K + £ x (K — 1). The other
g UEs who reuse this set of pilots have correlation value p = 1. As a result, Equation (16) can

be specialized from Equation (14) for the reuse case. O

Equation (15) shows the impact to the reuse factor NV on the downlink achievable rate.

IV. OPTIMIZATION OF ENERGY EFFICIENCY

The BSs in massive MIMO systems are equipped with large scale antenna arrays and also
require complicated hardware and high signal processing capacity, which will cause very high
energy consumption. Therefore, energy efficiency, measured in bit/Joule, is also an important
metric for system design and managementi.e.,

Downlink achievabl It
Enerey Efficiency — o;vn ink achievable sun} rate (18)
otal power consumption

The objective of this work is to develop an efficient power allocation algorithm to jointly

allocate the power to all the UEs in the multi-cell massive MIMO systems, and meanwhile
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satisfy the transmit power limitation and minimum UE rate constraints, in order to maximize

the EE as defined in (18).

A. Power Consumption Model

To formulate the EE maximization problem, the total power consumption P, of the system

will be first modelled, which is expressed as
Py =P, + Fy, (19)

where P, and P, denotes the total power for the uplink and downlink transmission respectively.
In terms of the total power consumption model for the uplink transmission F,, it includes: (i)
the transmit power for transmitting uplink pilot of single antenna UEs, and (ii) the circuit and
signal processing power associated with transmission of uplink pilot. Without loss of generality,

it follows the assumption below

Assumption 1. For all the single-antenna UEs in the multi-cell massive MIMO systems with
TDD mode, it is assumed that all the UEs have the same power amplifier (PA) efficiency, circuit
and signal processing power consumption for each coherence interval. For all the BSs, it follows
the assumptions below

1) All the BSs have the same PA ratio, circuit and signal processing power consumption for
each coherence interval.

2) Each transceiver serves one antenna at the BS.

Consequently, following Assumption 1, the total power consumption for the uplink transmis-

sion P, is defined as

K . pu

Po= SN TP o 0)
T Nue ~——
=1 k=1 uplink circuits and

. . signal processing power
uplink transmit power 9 P 9 P

where pj; denotes the uplink transmit power of UE k in cell [ and k € K, | € L, nyg is the PA

T
T

efficiency of UE, the product Zpj; denotes the transmit power for uplink pilot transmission and

py represents the circuits and signal processing power of UEs.
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Parameter | Description
P, Total uplink power consumption
P Uplink transmit power from the UE k in cell |
nue Power amplifier efficiency ratio of UE
pe Total Circuit and signal processing power consumption of UE

TABLE I: Power model parameters for the uplink transmission

The total power consumption model for BS in downlink transmission P, includes (i) the
downlink transmit power, and (ii) the circuit and signal processing power for the BS in receiving

and transmitting signals. The value of P; is expressed as [17], [18]
L K

p =L ZZ(171)L&+L-M¢? , @1
oBs T/ nps i

I=1 k=1
where p;fl denotes the downlink transmit power for UE k by the BSincell [ and k € K, [ € L,

nps denotes the PA efficiency and opg represents the loss factors of BS, which is expressed as
ops = (1 —0opc) (1 = ours) (1 — eonl) , (22)

where 7np4 is the PA efficiency of BS, opc, oas and 0.0 represents the loss factor due to
(i) direct-current (DC) to DC power supply, (ii) mains supply indicating Alternating Current
(AC) to DC unit and (iii) cooling system respectively [17] [18]. The p¢ is the circuit and signal

processing power consumption of BS, which is modelled as
Pe = Pedac + Pomic  Pgite + Poosyn + Phis 23)

where p¢ ... pimiw and pﬁfy e Tepresents the circuit power consumption of each BS antenna for the
operation of (i) digital-analogue-conversion, (ii) mixing, and (iii) filtering [19]. The values pf7sy71
and pgf represents the consumption of frequency synthesizer and beamforming respectively. For
the sake of understanding, the power model parameters for the uplink and downlink transmission
utilized in this paper have been listed in Table I and Table II respectively. Following the
formulation of the total power consumption of the system, the problem of maximizing the EE

can be mathematically formulated in the next section.
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Parameter | Description

Pg Total downlink power consumption
o Downlink transmit power to the UE k from BS |
MBs Power amplif er eff ciency of BS
Oss Loss factors of BS
Opbc Loss factor from direct-current to direct-current power supply
Oms Loss factor from main supply
Ocool Loss factor from cooling
pg Total circuit and signal processing power consumption of BS
pgvdac BS power consumption of digital-analogue-converting
B2 mix BS power consumption of mixing
pf:‘vf it BS power consumption of f Itering
p‘(’vsyn BS power consumption of synchronization
p‘gvsyn BS power consumption of beamforming

TABLE II: Power model parameters for the downlink transmission

B. Problem Formulation

The EE of the multi-cell massive MIMO systems with TDD mode is def ned as follows.
L K
I_Z“(Z_:l 1-7 log, 1+va A A

LK L, LK -

Yt LK+ o XY 1-7 LM

where Vi denotes the signal-to-interference-plus-noise-ratio (SINR) of UE K in cell |. Following

EE pl.pk = @4

the EE def nition in equation (24), power allocation will be applied on both uplink and downlink

for maximizing the EE of the overall system. The optimization problem can be formulated as

maximize EE p, o) (252)
pKul'pgl

subject to 0<pf < phax » V(K1) €(K, L) (25b)
pd =0, VikI) €K, L) (25¢)
K
> = Pk V() E(L) (25d)
k=1
RE o =Rmin, V(K1) E(K, L), (25¢)

where ., and pf,, are the maximum uplink and downlink transmit power constraints at

the UE and BS side due to the hardware limitations, Rpyjn represents the minimum downlink
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rate that guarantees the QoS. In (25), Constraint (25b) ensures that the uplink power is less or
equal to the maximum limitation but larger than 0. Constraints (25c) and (25d) ensure that the
downlink power to each UE is larger or equal to 0, and the sum power to all the UEs in one cell
meets the maximum limit. Constraint (25¢) ensures that the downlink achievable rate of each
UE needs to larger or equal to the pre-defined minimum UE rate.

It is noticeable from Problem (25a) that the maximization of EE is challenging to solve
directly. Although Problem (24) has a ratio form with a fractional structure, it cannot be directly
solved with existing algorithms for the fractional programming theory [20], [21]. It is because
the numerator in Problem (25a) and the Constraint (25¢) includes the downlink achievable sum
rate of a multi-cell massive MIMO system, which is a difference of two concave functions.
Optimization problems with DC functions are generally non-concave and it is challenging to

find the globally optimal solution.

C. EE optimization

In this paper, a general framework is proposed to solve the EE maximization problem effi-
ciently. The proposed framework starts with the reformulation of (25), which aims to convert
the variables in equation (24) into vector form. The purpose of conversion for the algorithm is
to enable the joint allocation of the transmit power for all the UEs in the multi-cell scenario.
Following this reformulation, the optimization focuses on one single power vector, rather than
multiple scalar power values.

1) Problem Reformulation: In terms of the downlink achievable sum rate, the problem utilizes
the proposition in Theorem 1. For solving the problem efficiently, it is assumed that all the UEs
utilize full power for the transmission of uplink pilot sequences. By observing the downlink
SINR expression in equation (14), it can be found that the downlink achievable sum rates
increase monotonically with the uplink power. Consequently, the optimization only considers

the downlink transmit power as the variable, which is expressed as
T LK x1
pE [pi—Zlva—llw s ,pm € Ri * ), (26)

where p is the vector which contains elements of the downlink power for each UE. Consequently,

the downlink SINR expression in equation (14) is reformulated as

z'p
i (p) = 2P 27
Yij (p) bfjp-‘rO'%/ @27

141



Original publications

T
. A |
with z;; £ (0,0,---, 232 ..0,0,---| € REEXD and
7 Qijong 1050
T
K y 2 L K I 2
A (MBij,3P3 .45 kjnm) (MBij1p%y 55+ kt,nm)

by = 10,0, B, 25— B By, 0 0L =" B4, -+ | . The vector

k#i . 1] k=1 .

z;; is a LK x 1 all zero vector except for one corresponding position and b;; € R s
similarly defined, but for multiple non-zero entries. For example, in terms of the the calculation

of 4, it has p¢; in the numerator. Consequently, the non-zero entry in z;; will be 242 - and

Qijng 70
M 2 d
@iy Did:dPige

all the other entries will be zero. Then, the numerator of 7;; equals to In terms of
b;; in the denominator, it is similarly defined.
The total power consumption of the system can also be reformulated as
1 L K
Py (P) = P+ ( (Z > ep+L-M -pf>> : (28)
78S \i=1 k=1
where ¢, is a LK x 1 vector with all the entries are (1 — %) W%g Following the reformulation

of the SINR and the sum power consumption given above, Problem (25a) can be rewritten as

(1= F)logs (147 (p))
maximize FEF (p)= ELk=1 — (292)
? P,ﬁ-(% (zzc;g'p+L M pd>)
55 \i=1 k=1
subject to  tL,p >0, V (k,1) € (K, L) (29b)
K n

D P < e V() € (L) (29¢)

k=1
RE (P) > Ronin » Y (k,1) € (K, L), (29d)
where t; £ [0,0,---,1,0,0, - ]1 is a vector with K L x 1 length and all zero elements but unit

elements at corresponding position. The aim of the optimization framework is to jointly optimize
the downlink transmit power for all the UEs of the cell, and it can be easily achieved after the
reformulation. Also, the reformulated problem is suitable for utilizing CVX [22] to solve it. The
second step will be the maximization of QoS UE rate R,,;,. The QoS UE rate is the minimum
downlink achievable rate, which guarantees the service provided by BS. It is aimed not only
to maximize the QoS rate for all the UEs, but also to provide a feasible constraint for the EE
optimization in the varying quality propagation environment.

2) Maximization of QoS UE rate: For the constraint that shown in (29d), a fixed value of
R,.in is obviously not suitable. It is because the UE positions and propagation environment

are always changing, where the QoS UE rate also varies. For example, the cell edge UEs may

142



Original publications

suffer strong interference which might influence the channel estimation quality and therefore
the downlink transmission rate might be reduced. In order to tackle Problem (29a), a proper
constraint value of QoS UE rate is required at the beginning of EE maximization.On the other
hand, fairness should also be considered in the system design, which is achieved by enhancing
the QoS UE rate.

The maximization problem of the QoS UE rate is formulated as follows

.. . d
maximize min R}, (p) (30a)
Subject to  tj,p >0, Y (k1) € (K, L) (30b)
K
D P < P s Y (1) € (£). (300)
k=1

To solve Problem (30a), it can be transferred into a epigraph form, which is commonly used
for solving the concave optimization problem [21]. The epigraph form is a reformulation of the
concave problem by replacing the original objective function with a new variable and an equal

constraints. Consequently, Problem (30a) can be reformulated as

maximize x (31a)
P
subject to  Ry(p) > 1,V (k1) € (K, L) (31b)
tup >0, Y (k1) € (K, L) (lc)
K
D P < Pl > V() € (L), (31d)
k=1

where x is the introduced variable. It can be found that Problem (31) is a linear programming
problem and it is concave. It can be solved by the common optimization method, e.g. CVX,

where the proof of concavity is presented below.
Lemma 1. Problem (31) can be solved optimally.

Proof. First, the constraint (31b) can be reformulated as

T
T zZ..p
1—f)1 S (L
< T 0g2<+bfjp+ag>’c

& <zfj - (2(13%) - 1> bf]) p> (2(1j%) - 1> o2 32)

143



Original publications

With a given x, Problem (31) becomes a linear programming problem with respect to p. Thus,
we can find the optimal p and x by jointly using bisection search method of x and solving the

linear programmes with respect to p. O

After maximizing the QoS UE rate, it provides a feasible constraint for the EE maximization.
As Problem (29a) is in fractional form, the Dinkelbach method [23], which is a useful algorithm
that belongs to fractional programming [20], can be utilized for solving the problem. The
utilization of fractional programming theory converts the EE maximization problem into a series
of concave problems, and the globally optimal solution can be iteratively found by utilizing
the Dinklebach method [23]. However, the directly adoption of fractional programming theory
requires conditions on both the objective function and constraints, where y (x) needs to be a
concave function, z (x) is a concave function and the constraints are all concave as well. In
terms of the multi-cell massive MIMO system with TDD mode, the expression of downlink rate,
which is the numerator in Problem (29a) and the constraint (29d), is a non-concave function
[24], [25]. Consequently, the fractional SCA algorithm is proposed for solving the maximization
of EE in multi-cell massive MIMO systems.

3) The introduction of SCA Algorithm: The SCA algorithm is an advanced scheme that is
utilized to solve non-concave optimization problems, where locally optimal solutions can be

found efficiently with acceptable complexity [26], [27]. Consider a non-concave optimization

problem
maximize y(x) (33a)
xeRM
st. ¢ (x)<0,j=12,---,Jxe (33b)

where ¥, c; are both continuous and differentiable functions over RM. Tt is assumed that both
y and ¢; can be expanded as the difference of two non-negative concave functions, which are
expressed as
y(x) 2yt (x) -y (x) (4
¢ (%) £ ¢f (%) = ¢j (%) (35)

where y*,yicj*, [ RM — R. It can be observed that both the objective function (33a) and
the constraint (33b) are typical DC programming of variable x [28] with a DC constraint, which
is generally considered as a non-concave problem. Consequently, common concave optimization

algorithms cannot be directly applied for solving these problems.
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The approximation of concave functions is common scheme of solving a non-concave problem
with local convergence. The SCA algorithm adopts this scheme in solving the non-concave prob-
lem iteratively. A surrogate function is generated for the approximation iteratively by utilizing

the first order Taylor series expansion, which is given as
y(x,2) = y(x)" ~ (7 (2) + (Vy(2)" (x — 2)) . (36)

Equation (36) is an approximation of function y(x), which is tight when x = z. Otherwise it
comes to y(x,z) < y(x). Similarly, the surrogate functions can also be generated for the con-
straints which are difference of two concave functions. By replacing the non-concave functions
in both the objective function and constraints with their surrogate functions, problem (33a) can
be linearly approximated by a series of concave functions, which can be iteratively solved with
acceptable complexity.

After the introduction of fractional programming and the SCA algorithm, the proposed frac-
tional SCA algorithm in solving the EE problem will be presented in the following section.

4) The Fractional SCA Algorithm: To solve the maximization of EE in multi-cell massive
MIMO system with TDD mode, the combination of fractional programming and the SCA
algorithm is utilized to jointly find the optimal downlink power allocation [29]. The optimiza-
tion firstly calculates the maximized QoS UE rate R, , which provides a feasible constraint.
Secondly, the surrogate function is generated for the downlink achievable rate, which is the
numerator of the objective function (29a) and constraints (29d), where with feasible vector q,

the surrogate functions for the SCA algorithm are expressed as

zT—«—bT)p—4—<7,2 1 b}, (p—q)
Bd ) é 1— 1 log ( kl kl n _ kl . 37
W = (1= ) (o ( g ot ) “e@ g svhara) O
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Thirdly, by utilizing the fractional programming in the (29a) with equation (37), the maximization

problem is reformulated as

L K T W 2 T
L T (zf, +b) p + o 1 by (P—a)
maximize 1— 7> 1 —
e Zl Y (1-7 (Ogl’((z@wg)qmg log (2) (21, + b) q + o2

=1 k=1

— APt (P) (38a)
subject to  th,p >0, V (k1) € (K, L) (38b)

K

D P < P V(1) € (L) (38¢)

k=1

<z,{, - (2(1”“%") - 1) ka.,) p> (2(17"?) - 1) o2, Y(k 1) e (K,.L). (38d)

Around the point q, Problem (38) becomes a convex optimization problem with respect to
p, which can be optimally solved by CVX. The convergence of the proposed fractional SCA

algorithm is proved below.
Proposition 1. The fractional SCA algorithm in Algorithm 1 always converges to a Karush-
Kuhn-Tucker (KKT) stationary solution of Problem (29).

Proof. For any concave function, it is upper-bounded by its first order Taylor approximation
at any point. Meanwhile, it can be seen that the numerator of objective function (29a) is the

difference of two concave functions. If R, (p) is represented as
Ria () =1 (P) = 73 (P). (39)
for any pj, it thus holds that
i (p) =i (p) =y (p) = [ (p2) + (VR ()" (P —py)] “0)

Consequently, (38a) is lower bounds of (29a). As the lower bounds in (39) is tight when evaluated
in p;, when p = pj, it comes to (38a) are equal to (29a). Similarly, the gradients of (38a) is
equal to (29a) when p = p;. Consequently, the proof is completed. O

By utilizing Algorithm 1, the EE will monotonically increase and the local-optimal solution,
which meets the given constraints, will iteratively be founded within polynomial time and

affordable complexity.
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Algorithm 1 The fractional SCA algorithm to solve Problem (29)

1: Initialization for SCA algorithm:

q® € REIx1 % an initial feasible downlink power vector
e €R % a small convergence threshold

2: 1 =0;

3: repeat

4. Given q9, generate the surrogate functions Rﬁl (p, q(“) based on Equation (37);

5. Initialization for Dinkelbach method:

A0 >0 % determined by a random power vector p(® € R¥L*1
e €R % a small convergence threshold
6: 7=0;
7:  repeat
8 Given A\U) | obtain the optimal solution p¥/) for Problem (38);
L K
4 (p)
9 AGHD &2 Bh(e0a®)
’ I)[DL (p(])) ’
10: j—J+1

1: - until (A9 —AU-D] < ¢
122 i1+ 1

13 return q;

14: until [Jg® — ]l < ex:

15: return a locally optimal solution p* = q) for Problem (29).

V. NUMERICAL EXAMPLES

In this section, the validity of the proposed closed-form downlink achievable sum rate and
the optimization algorithm will be verified by numerical simulations. Consider a massive MIMO
system consisting of 19 hexagon shaped cells as illustrated in Figure 1, where each cell has a
central BS and randomly distributed UEs. The pilot reuse scheme with U = 3 was considered
in the simulation with the UE distribution listed in Table III. The simulation parameters listed
in Table IV, which includes both the configuration of BS antennas and UE distribution, plus
the power consumption of circuit power for both BS and UE. Additionally, the circuit power of
BS was chosen according to the prediction that by the year 2020 [18]. The codebook for the
GLP-based uplink pilots were generated from the algorithm that was proposed in [30].
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Fig. 1: Illustration of multi-cell massive MIMO systems with L = 19, U = 3. Each fill color

represents the assignment of one set orthogonal pilot sequences. In this example, K = 8.

pilot length,7

K in white cell

K in green cell

K in yellow cell

Total number of UE

T=38 K=2 K=3 K=3 50
T=16 K=5 K=5 K=6 101
T=232 K =10 K=11 K=11 202
T =064 K =20 K =22 K =22 404

TABLE III: UE distribution when U = 3
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Fig. 2: Average downlink achievable sum rate versus the number of BS antennas M, with L = 19,

r=K=8,16,32,64 and U = 1
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Number of cells, L 19

Number of antennas at BS, M 64 < M < 256
Cell radius 500 m

UE minimum distance from BS 25 m

Carrier frequency 1.9 GHz

System bandwidth 20 MHz
Maximum UL power,P,l,’:f,,, 200 mW
Maximum DL power,P,ff,,LT 40 W

Thermal noise, aﬁ -174 dBm/Hz [31]
Mobility speed 60 km/H

Path loss model 35.3 + 37.6log,,d dB
Coherence bandwidth 100 kHz

Power consumption of circuit power at BS, P4 | 02 W32

Loss factor from DC to DC power supply, opc | 7.5% [18]

Loss factor from mains supply, oars 9% [18]
Loss factor from cooling, ocoo 10% [18]
Power amplifier efficiency of BS, ngs 50 % [32]
Power amplifier efficiency of UE, nug 20 % [33]
UE circuit power, P 0.1 W [34]
Convergence tolerance, € 1x 1073

TABLE IV: Simulation parameters for the results in this section

A. The Performance of Downlink Achievable Sum Rate

Firstly, the proposed Theorem 1 will be verified. Figure.2 shows the downlink achievable sum
rate with U = 1 versus number of BS antennas. Four different configurations of K are considered
with K = 8,16, 32,64 for each cell. The analytical results are calculated by adopting equation
(13) in Theorem 1 and simulation results from equation (11) with 10,000 channel realizations. It
can be observed that the downlink achievable sum rate increases linearly with M. Additionally,
the proposed analytical results match well with the simulation results, which has shown the
validity of Theorem 1.

Figure.3 shows the downlink achievable sum rate with U = 3 versus the number of BS
antennas. The analytical results are calculated by adopting equation (15) in Corollary 1 and the
simulation results are calculated by adopting equation (11). It can be observed that the analytical
results match well with the simulation results, which again shows the usefulness of the proposed

analytical expression.

149



Original publications

21

1200

1100

3
3
3

©
8
3

o Simulation

®
3
3

<
3
8

@
3
3

500

400 |

300 - /_,———v———“
200 : . . .
50 100 150 200 250 300
Number of BS antenna, M

Downlink achievable sum rate (bit/s/Hz)

Fig. 3: Average downlink achievable sum rate versus the number of BS antennas M, with L = 19,

r=K=28,16,32,64 and U = 3

The performance comparison considers not only the average downlink achievable sum rate,
but also the rate of both cell central and edge UEs. The classification method in each cell is

consistent, which is compared with the following threshold [)’j [8]

K
Bi=2> 8 @1
i=1

where ¢ denotes the coefficient that is defined based on the system configurations. The value ¢
is chosen as 0.2 in this paper. As a result, the classification of central and edge UE in cell j is
expressed as

B > Bi,  central UE 2
B < pi, edge UE

The system parameters are consistent with the previous simulation of U = 3. Figure.4 shows
the average downlink achievable sum rate versus the number of BS antennas. The GLP-based
design utilizes the codebook generated from the algorithm proposed in [30], which has constant
modulus and a finite alphabet (i.e. phase-shift keying (PSK)). It can be observed that the GLP-
based pilot codebook outperforms the pilot reuse scheme. Additionally, with the increase of
7, the rate gain becomes more significant. In the case of 7 = 8, the average improvement is
about 0.5%. When 7 increases to 16 and 32, the average improvement is about 3.4 %. In the
case of 7 = 64, the rate improvement becomes 4.7%. The reason is due to the increase of

choral distance between lines in Grassmannian manifold along with the vector space dimension.
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Fig. 4: Comparison of average downlink achievable sum rate versus the number of BS

antennas M between GLP-based pilot codebook and pilot reuse scheme, with L = 19,

r=K=2816,3264and U =3

This means that the correlation between codewords decreases as indicated by the upper bound.

Figure.5 shows the downlink spectrum efficiency of both central and edge UEs. The simulation

probabilty

4 6 8
spectrum efficiency per central UE bit/s/Hz)
(a) Cumulative distribution function of spectrum

efficiency per central UE, with 7 = 32 and M =
128,256

Probability

2 4 6
Spectrum efficiency per edge UE(bits/Hz)

(b) Cumulative distribution function of spectrum

efficiency per edge UE, with 7 = 32 and M =

128,256

Fig. 5: The downlink spectrum efficiency comparison of central and edge UEs

considers 7 = 32 with M = 128,256. By observing the 10th percentile, i.e., the rate met by

90% UEs, the improvement of the central UE is about 70% and nearly two fold for edge UEs.
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Fig.6 shows the QoS UE rate versus the number of BS antennas. The GLP based pilot codebook

design and pilot reuse scheme were both utilized with U = 3 and T = 16. The maximization

of the QoS UE rate were calculated with the CVX. It can be observed that the adoption of this

optimization has enhanced the QoS signif cantly. When M = 64, the QoS UE rate of the pilot

reuse scheme almost doubled, and it almost tripled for the GLP-based pilot design after the

maximization. When M = 256, the improvement of pilot reuse increased by more than three
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times and it is approximately four times for the GLP-based pilot design after maximization.
Fig.7 shows the EE of multi-cell massive MIMO system versus the number of BS antennas.

Again, the GLP based pilot codebook design and the pilot reuse scheme are both utilized,

with U = 3 and 7 = 16. The maximization of EE utilized Algorithm 1. For the unoptimized

EE, the downlink transmit power was equally divided for each serving UE in the cell, i.e.

d
L 2ex ]t can be observed that the EE of both schemes decreased as the number of BS antennas
increases, whereby, the results for EE without optimization are almost consistent, because, in

that scenario the downlink transmit power is dominant. The maximum power was utilized for
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downlink transmission and the increase of circuit power did not have a big inf uence on the EE.
However, after the optimization, the downlink transmit power was greatly reduced, so the EE
of both schemes decreased with the number of BS antenna adopted followed by the increase of
BS circuit power.

Fig.8 shows the downlink achievable sum rate versus the number of BS antennas. A com-
parison has been made between the rates after downlink power allocation and the rate after the
equal division of downlink transmission power has been utilized. Although the focus was on
maximizing the EE, the optimal allocation of downlink power and the maximized minimum UE
rate has improved the rate performance, with about the improvement of 3% for GLP-based pilot
codebook design and 5% for the pilot reuse scheme. The gap between two schemes has been
reduced after the power allocation. However, the GLP-based codebook design still performed
better than the pilot reuse scheme.

Fig.9 shows the convergence performance of Algorithm 3. This is a Cumulative distribution
function (CDF) plot of the iteration numbers to reach the value = 10~ 3 in the maximization
of EE with U = 3 and T = 16. It can be observed that there are 90% of the results need 6
iterations to reaches the convergence point, and the optimization algorithm will always converge

within 12 iterations.

VI. CONCLUSION

In this paper, we investigate the spectral eff ciency (SE) and energy eff ciency (EE) perfor-
mance of non-orthogonal pilot sequence design in multi-cell massive MIMO systems with the
time-division-duplex mode. We derive a new closed-form analytical expression of downlink
achievable sum rate for SE analysis, which clearly demonstrates the impact from the pilot
contamination and the number of base station antennas. The Grassmannian line packing (GLP)
based pilot sequence design is considered for channel estimation, with the aim of increasing
system SE. Furthermore, we propose a general framework of optimization for maximizing the
QoS constrained EE, which includes two steps. Firstly, the feasibility problem is solved to
optimize the QoS rate of user-equipments (UEs). Then, we utilize the fractional sequential
convex approximation algorithm to maximize the EE, subject to the optimized QoS rate and
power constraints by eff cient downlink power allocation. Numerical results have demonstrated
the validity of the proposed analytical expressions and the non-orthogonal pilot sequence design

achieves a 4% average improvement in SE over the traditional pilot reuse scheme. In addition,
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there is a significant improvement of QoS rate and EE by utilizing the proposed optimization

framework.

APPENDIX

Prove of Lemma 1

Proof.
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