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Abstract

Massive multiple-input multiple-output (Massive MIMO) is a key feature of proposed
5G cellular systems, offering potentially many benefits. However, all benefits rest on the
ability to obtain channel state information (CSI) at the base station (BS) during uplink
transmission. The BS can in principle measure CSI from known user-transmitted pilot
sequences, but in a multiple cell system, the use of non-orthogonal pilot sequences in
different cells leads to a problem of pilot contamination.

In this thesis, we mainly focus on recently proposed covariance-aided channel esti-
mation for time division duplex (TDD) Massive MIMO cellular systems suffering pilot
contamination. The recent work assumes that the covariance matrices of users are
known and do not change with time. In this thesis, we address two new scenarios:
1) the covariance matrix in one cell changes due to a new user arriving in that cell;
2) the covariance matrices of all users change due to mobility of the users. In these
scenarios, we develop novel algorithms that estimate the new covariance matrices and
then use these estimated covariance matrices to obtain high quality channel estimates.
The proposed algorithms are compared with other estimation methods mentioned in

this thesis to show the benefits of the proposed algorithms.
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Chapter 1

Introduction

This chapter comprises four sections. Section 1.1 presents the background on massive
multiple-input multiple-output (Massive MIMO). Section 1.2 then provides motivation
of this thesis. The objectives of this thesis are summarized in Section 1.3. Finally, in

Section 1.4 the organization of this thesis is described.

1.1 Background

Massive MIMO system is a significant breakthrough, going beyond the conventional
MIMO system. It was first proposed by Thomas L. Marzetta in 2007 [1] and was
presented in more detail in 2010 [2, 3]. In current wireless systems, Massive MIMO is
also known as large-scale antenna system, very large MIMO, hyper MIMO and full-
dimension MIMO [2]. The most notable characteristic for this new technique is that
the number of the antennas deployed at each base station (BS) in every cell is usually
several tens or even more, and simultaneously serving tens of users. Moreover, for the
same cell, the number of antennas at each BS greatly exceeds the number of active
users in the same time-frequency resource [4].

The large number of antennas at each BS brings many advantages to Massive MIMO
systems [5]. Compared with conventional MIMO systems, Massive MIMO systems have
the ability to get much more system capacity and energy efficiency [2]. Furthermore,
Massive MIMO systems offer robustness to interference such as intentional jamming

and unintended man-made interference. Therefore, Massive MIMO systems become a
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significant part of future 5G wireless communication systems [6]. More details about
benefits of Massive MIMO systems will be provided in Section 2.1.2. However, as a
developing technique, Massive MIMO potentially suffers from some problems, including
pilot contamination and architectural challenges ( further information will be described
in Section 2.1.3). The most serious problem is pilot contamination which will be
discussed in Section 2.1.4. This challenge has the potential to reduce the performance
of Massive MIMO dramatically, and is an urgent problem that must be addressed in

research on Massive MIMO.

1.2 Motivation

As discussed in the previous section, the challenge of pilot contamination needs to be
overcome if we want to achieve the potentially benefits of Massive MIMO systems.
Pilot contamination is caused by the reuse of the same or at least non orthogonal
pilot sequences among different cells [7]. During uplink training period, users in each
cell transmit known pilot sequences to the BS in their own cells and the BS estimates
uplink channel state information (CSI) by these pilot information. For the time division
duplex (TDD) Massive MIMO systems, the estimated CSI from uplink training can be
used as downlink CSI due to the channel reciprocity that holds in TDD systems [3]. If
pilot sequences in all cells are orthogonal with each other, then the BS is able to obtain
good estimates of the desired CSI. However, the number of orthogonal pilot sequences
is limited. Therefore, the same pilot sequences (or non orthogonal pilot sequences)
are reused among different cells (the pilot sequences in the same cell are assumed
orthogonal with each other) [8]. The re-use of pilot sequences leads to interference
between different cells during uplink training, which is called pilot contamination. The
focus of this thesis is on the issue of pilot contamination in Massive MIMO systems.
Among current methods proposed to deal with pilot contamination, channel esti-
mation methods are more and more popular, especially the covariance-aided channel
estimation methods [9]. These covariance-aided channel estimation methods make full
use of assumed known channel statistics (channel covariance matrices). Good chan-

nel estimates can be obtained by these covariance-aided estimate methods under some
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conditions [10]. However, these covariance-aided channel estimation methods require
knowledge of each cell’s channel covariance matrix, which is difficult to obtain due to
the very same limitation of pilot contamination that occurs during uplink training.
The covariance matrix of each channel is usually assumed known[11]. However, in
this thesis we consider some new scenarios in which at least some covariance matrices
are unknown. In one scenario, a new user comes into a cell with an unknown covariance
matrix. In another scenario, all the users’ covariance matrices change due to the mo-
bility of users. Under these scenarios, however, the method of estimating covariance
matrices just mentioned may no longer be suitable (the reason will be discussed in
Section 4.1). When channel covariance matrices are not available, some other channel
estimation methods have been proposed [12]. For example, the authors in [13] pro-
posed a blind channel estimation approach which estimates channel state information
by decomposing the singular vectors of received signal’s matrices. This blind method
obtains good channel estimates, but the complexity is high due to the need for a singular
value decomposition of received signal’s matrices. A similar subspace based semi-blind
channel estimation method is presented in [14]. This method exploits eigenvalue de-
composition on the received signal’s matrices to estimate the channel information. The
estimated performance of this method is relatively good, but computational complexity
is also high. Therefore, in this thesis we will estimate new covariance matrices under
new scenarios and then use them in covariance-aided channel estimation methods to

estimate CSI.

1.3 Research Objectives

The objectives of this thesis are to research covariance aided channel estimation meth-
ods under pilot contamination in Massive MIMO systems. In previous research on
pilot contamination in Massive MIMO systems, estimation methods using covariance
matrices have been shown to provide good estimation results under some conditions
[15]. However, those methods are all based on the assumption that the covariance
matrices can be estimated correctly and separately. But these methods will not be

sufficient when covariance matrices change due to mobility of users or arrivals of new
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users, which are the scenarios investigated in this thesis. More detailed aims are the

following.

1)

A clear background about the area of Massive MIMO is firstly presented, such as
the development, the benefits, and the challenges of Massive MIMO. We focus on
the particular problem of pilot contamination and discuss some measures which can

tackle this problem:;

Before researching new scenarios, this thesis studies channel estimation methods
under situations in which the channel covariance matrices keep constant. Under
this situation, this thesis analyzes the effect of pilot contamination on system per-
formance and discusses several existing channel estimation methods: Least Squares
(LS), Minimum Mean Square Error (MMSE) and Maximum A Posteriori (MAP) es-
timation methods. The conclusion from comparing these channel estimation meth-
ods is that covariance-aided channel estimation methods are much superior to con-

ventional methods without covariance matrices.

Then this thesis concentrates on channel estimation methods under new scenarios in
which covariance matrices are not directly available due to the mobility of users or
arrivals of new users. For these two cases we propose corresponding novel algorithms
to obtain the estimate of new covariance matrices and estimate the CSI based on
estimated covariance matrices. We provide both analytical work and numerical

experiments to test the performance of our proposed algorithms.

1.4 Organization of the Thesis

The rest of this thesis is organized as follows.

Chapter 2 provides a review on Massive MIMO systems. In Section 2.1, the historic

development of Massive MIMO systems is presented, then the benefits and challenges

of Massive MIMO systems are shown. Some existing methods for dealing with the

problem of pilot contamination are described in Section 2.2, which includes three main

aspects: the precoding process, pilot operations and channel estimation methods.
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Chapter 3 analyzes the problem of pilot contamination in Massive MIMO systems
and some existing channel estimation methods. Section 3.1 discuss the system model
used in Chapter 3. Based on the system model, Section 3.2 introduces some exist-
ing channel estimation methods, and gives the advantages and disadvantages of each
method. Section 3.3 analyze the problem of pilot contamination in Massive MIMO
systems.

Chapter 4 studies channel estimation methods in new scenarios. Section 4.2 pro-
vides the system model for the new scenarios. Two new scenarios are described in
Section 4.3 and corresponding novel estimation methods for these cases are proposed:
Section 4.3.1 studies the situation that new covariance matrices are not directly avail-
able due to arrivals of new users; Section 4.3.2 studies the situation in where all covari-
ance matrices change due to mobility of users. The performance of proposed methods
is presented in Section 4.4.

Finally, Chapter 5 is the conclusion and future work. Section 5.1 summarizes the

research of this thesis and Section 5.2 recommends related future work.
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Chapter 2

Literature Review

Since the focus of this thesis is the problem of pilot contamination in Massive MIMO
systems, in this chapter, we will give an introduction to Massive MIMO systems in

Section 2.1, then pilot decontamination methods are reviewed in Section 2.2.

2.1 Overview of Massive MIMO

Massive MIMO is a key component of proposed 5G cellular systems, which has the po-
tential to provide capacity to meet ever-growing data requirements of wireless devices.
However, as an emerging technology, Massive MIMO also suffers some challenges. The
most serious is pilot contamination, which can greatly reduce the prospective gains of
Massive MIMO.

In this section, the historic development of Massive MIMO is presented in Section
2.1.1. The benefits and challenges of Massive MIMO are discussed in Section 2.1.2
and Section 2.1.3, respectively. The problem of pilot contamination is given in Section

2.1.4.

2.1.1 The Historic Development of Massive MIMO

The unceasing requirements for high data rates and high service quality is a challenge
for current wireless communication industry. One way to overcome this challenge is to

increase capacity of system several times[16].
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It has been well known since 1995 that under complex Gaussian fading model with
independent and identically distributed (i.i.d.) channels between each transmitter and
receiver pair, the capacity of point-to-point multiple-input multiple-output (point-to-
point MIMO) system increases linearly with the minimum number of transmit antennas
and receive antennas [17, 18]. Researchers later understood that similar results would
hold even if each receiver had only one antenna, provided that the number of users
were large. This gave rise to the area of Multiple-user MIMO in which each BS serves

several users [19].

Multi-user MIMO can provide a large number of advantages compared with point
to point MIMO. Since every user (active terminal) can utilizes all the time-frequency
bins, the resource allocation can be simplified. It also does not need the assumption of
rich scattering environment. Moreover, if the BS knows the CSI, it is possible to get
arbitrarily high capacity (sum-rate) in a single cell, even with only single antenna users,
provided that each BS has sufficiently large antenna array. This is true even with simple
linear beamforming techniques such as Zero Forcing beamforming (ZF beamforming).
If ZF beamforming is used: the sum-rate of system from ZF beamforming increases
linearly with the number of antennas at the BS, provided that the number of users also
scales up with the number of antennas at the BS (in constant ratio, and the ratio is
less than unity so that Zero Forcing is possible). In this case, the data rate each user
gets does not grow large, but the sum-rate grows large because of the large number of
users [19]. Fig. 2.1 describes the idea of multi-user MIMO systems. In this figure the
BS serves a lot of users using the same time and frequency resources. The BS has a

antenna array which displays with several antennas, and each user has one antenna.

Recent work has extended these results to multiple cell setting, including multi-cell
MIMO cooperation [20, 21]. It can be seen from [20] that if the number of users is held
fixed, the sum-rate of the system increases with the increase of the number of antennas
at the BS, provided that the users themselves have antenna arrays which grow large
and the number of data stream per user then needs to grow large (the per-user data
rate grows large in this case). In addition, a lot of work was done on multi-user MIMO

in the early 2000s, and good summaries can be found in [22, 23]. [23] showed that
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at high signal to noise ratio (SNR) and if the CSI is known perfectly at the BS, then
it is optimal to do linear Zero Forcing beamforming to carefully selected users who’s
channels are then approximately orthogonal. Fig. 2.2 illustrates the operation of a
multi-cell multi-user MIMO system. There are many cells in the system. In each
cell, the BS serves many single-antenna users simultaneously (using the same time and
frequency resources), the BS has a array with several antennas. Each BS can receive

signal from all users in all cells.

MIMO systems equipped with multiple antennas at both BSs and users have much
higher sum-rate than corresponding single-antenna systems. Generally speaking, the

sum-rate of MIMO systems increases linearly with the minimum number of antennas
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both at each BS and users, as long as the channel knowledge can be available for
both communication sides [24, 25]. However, for conventional MIMO systems, the
number of antennas is limited. For example, according to the Long Term Evolution
(LTE) standard, the data rates during uplink communication is 75 Mbps using 20
MHz of spectrum with 4 x 4 antennas [26]. Unfortunately, this spectral efficiency is
far from enough to meet the requirement of future 5G wireless communication system.
Therefore, it is time that a new technique be developed which is able to supply much
higher data rate than a traditional MIMO system. The Massive MIMO system, which
has much stronger ability to increase the data rate of system, becomes an excellent
candidate.

One of the most remarkable features of Massive MIMO systems is that the antenna
array at each BS consists of hundreds antennas instead of several antennas at each
BS in conventional MIMO systems [27]. Figure 2.3 shows a single-cell Massive MIMO
system, where the antenna array consists of a massive number of antennas.

There are two typical Massive MIMO system models: the frequency division duplex
(FDD) Massive MIMO system and the time division duplex (TDD) Massive MIMO
system [28]. For FDD Massive MIMO systems, the uplink and downlink transmission
are in different frequency bands. Moreover, if terminals (users) support full-duplex,
both uplink and downlink transmission can happen simultaneously. For TDD Massive

MIMO systems, uplink and downlink transmission share the same frequency band but
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occur at different times.

For FDD Massive MIMO systems, obtaining the CSI for a downlink channel requires
a two-stage procedure. More precisely, the BS transmits pilot sequences to all users in
the cell, and then all users need to feedback the downlink estimated CSI to that BS.
The time for transmitting pilot sequences in FDD systems increases with the number
of antennas at the BS. Since the quantity of antennas at each BS is extremely large in
Massive MIMO systems, the time for channel estimation is corresponding long. There-
fore, it is practically impossible to obtain global real-time CSI in any reasonable delay,
because the channel will change before the adequate CSI is estimated and signaling
latency is also un-avoidable over the downlink transmission [28]. Moreover, for FDD
systems, the quantity of independent pilot sequences, which are needed for estimating
CSI, are ever-growing with the number of antennas at each BS [29]. Since each BS
has a large number of antennas, the required number of independent pilot sequences is
correspondingly very large [30, 31].

In contrast, TDD systems can exploit channel reciprocity: the CSI on the downlink
is the same as the uplink, so the CSI on the downlink can be measured at the BS
using uplink pilot sequences sent by users [32]. Therefore, the BS can estimate the
uplink CSI from the uplink transmissions, and this estimated CSI from the uplink
is also an estimate of the downlink CSI which can be used by the linear pre-coders
during the downlink transmissions. Moreover, for TDD systems, the required number
of pilot sequences increases linearly with the number of users in every cell instead of
antennas at each BS. Therefore, when the quantity of users in each cell is not so large,
the required number of pilot sequences is also quite limited. Therefore, TDD Massive
MIMO systems can improve system performance by increasing the number of antennas

at the BS with limited overheads [29].

2.1.2 The Benefits of Massive MIMO

Thanks to the large number of antennas at each BS, Massive MIMO systems have more

features compared with traditional MIMO systems, which are listed as following.

1) It is possible for Massive MIMO systems to increase the capacity of system for 10
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2)

10)

times or more compared with traditional MIMO systems][3];

Massive MIMO systems are able to robust to multi-user interference, channel fading

and hardware imperfection [2];

Massive MIMO systems have a large number of antennas at the BS, which enable

to reduce or even average out the effect of channel fading [33];

The channels between different users become approximately orthogonal thanks to

enormous numbers of antennas at the BS [3];

Massive MIMO systems can achieve good system performance just based on simple

linear precoders (downlink)[3];

A large number of antennas at the BS provides robustness against individual an-

tenna failure;

Massive numbers of antennas at each BS provide a large surplus of degrees of free-

dom, which is helpful to system hardware-friendly signal shaping [2];

Massive MIMO systems can be built with cheap and low-power elements instead
of expensive and high-power items (such as high-power amplifiers and large coaxial

cables) in traditional MIMO systems [2];
Massive MIMO systems can simplify the multiple access layer[2];

Massive MIMO systems are able to raise energy efficiency for several times [2].This
benefit results from the large number of antennas at the BS, because these antennas
can focus energy on small space area if coherently combined (uplink) or precoded
(downlink) using beamforming techniques. The more antennas installed at each BS,
the less transmitted power is needed per user, as long as CSI can be estimated rea-
sonably well. According to [34], each BS is equipped with M antennas (M increases
without limit), the transmitted power of per user can be reduced proportionally to

1/v M with estimated CSI using MMSE estimation method;
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2.1.3 Challenges of Massive MIMO

Although Massive MIMO can offer many benefits, as a new technique, it also suffers

some challenges [2].

In Massive MIMO systems, each BS has an antenna array equipped with perhaps
hundreds of antennas. These numerous antennas can bring great deal of benefits to
wireless communication system. However, it is very difficult to install a large number
of antennas due to the quite limited available space at the antenna array. If the number
of antennas is not large enough, we can not assume orthogonality of channels between
different users, and it is then impossible to obtain good system performance based on
simple transmitters or receivers[29, 35]. The authors of [36] showed that if each BS has
a large number of antennas, the performance of the low-complexity matched filter (MF)
is close to the high-complexity minimum mean-square error (MMSE) filter. However,
if the number of the antennas at the BS is not large enough, then the performance of

the MF is dramatically worse than the MMSE filter.

Besides, there are so many radio frequency (RF) elements such as mixers and am-
plifiers in each antenna array. These elements add to the energy consumption in total,
and can even negate the theoretical benefits of power saving from having a massive

number of antennas [34].

Almost all benefits of Massive MIMO systems discussed in section 2.1.2 are based
on the basic assumption that the BS can obtain good estimates of the CSI from uplink
training by sending known pilot sequences from users. To obtain good estimates of
CSI, pilot sequences of different users are required to be orthogonal with each other.
However, it is difficult to meet this requirement for multi-cell multi-user Massive MIMO
systems, which will be discussed in section 2.1.4. Therefore, the same pilot sequences
are likely reused in different cells, or the pilot sequences between different cells are par-
tially correlated. Unfortunately, this then reduces the accuracy of channel estimation,
which in turn decreases system performance such as capacity and energy efficiency.
The effect of non-orthogonal pilot sequences used in different cells is termed pilot con-

tamination (more details will be discussed in Section 2.1.4).

Besides architectural challenges and pilot contamination, Massive MIMO systems
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also suffer some other challenges, such as hardware impairments, cost of reciprocity
calibration and power consumption [37]. These challenges depend on the hardware
implementation, so they are not really fundamental issues. Among these challenges,
pilot contamination is the most serious, therefore, this thesis concentrates on the issue

of pilot contamination in Massive MIMO systems.

2.1.4 Pilot Contamination

In wireless communication systems, the BS needs to estimate the CSI of each user
using pilot sequences, and then use the estimated CSI to detect uplink data and to
make precoders for downlink transmissions. To get good estimates of CSI, the number
of orthogonal pilot sequences should equal to the number of users. In other words, the
number of orthogonal pilot sequences in the system should ideally be U x L, where U
is the number of users in each cell, L is the number of cells in the system. In order to
maintain orthogonality of each pilot sequence, the length of the sequence must increase,
and the time for transmitting the pilot sequence also increases. However, in a practical
wireless system, the coherence interval (the CSI keeps the same in the coherence in-
terval) is limited, and only a fraction of this interval can be devoted to pilot symbols,
the rest being reserved for data. So the length of pilot sequence can not be too long,
which implies that the maximum number of orthogonal pilot sequences is limited [4].
However, for multi-cell multi-user Massive MIMO systems, since the number of users
in the system is very large (all users send pilot sequences to BSs simultaneously), the
required number of orthogonal pilot sequences are also large. Therefore, the practical
number of available orthogonal pilot sequences are much less than the requirement.
Moreover, we want to obtain the maximum sum data-rate of the cell , so we assign
orthogonal pilot sequences to users in the same cell. Therefore, the same or partially
correlated pilot sequences are reused in different cells.

Since the pilot sequences are transmitted at the same time and frequency, the
BS receives the linear combination of all pilot sequences. If these pilot sequences
are orthogonal with each other, then the BS can obtain good estimates of the CSI

based on these unique pilot sequences. However, if two or several cells share the same
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pilot sequence or different cells use non-orthogonal pilot sequences, then the BS can
not distinguish the pilot sequence of the desired cell. Therefore, the estimate of the
desired CSI at the BS will be contaminated by these same or non-orthogonal pilot
sequences from adjacent cells. These incorrect estimates of CSI will then have negative
effect on downlink beamforming and overall system performance, which termed as
pilot contamination [7]. What is worse, this interference caused by pilot contamination
will not diminish even when the number of antennas at the BS increases [2]. It has
been proven that in Massive MIMO systems, with the help of numerous antennas, other
detrimental factors such as noise and fading can be mitigated by increasing the number
of antennas at the BS [2]. Thus the main factor which limits Massive MIMO system
performance is the pilot contamination. Fig. 2.4 describes the pilot contamination in
Massive MIMO systems. In Fig.2.4 every BS can receive the combination of all pilot
sequences. Take the 1st BS as an example, it receives the combination of all pilot
sequences from all users. If there is one user sends P; pilot sequence in each cell, then
the 1st BS can received the combination of P; pilot sequence. The channel estimate of
user A at the 1st BS is contaminated by those users sharing the same pilot sequence

located in adjacent cells.

Pilot contamination can negate the theoretical benefits of increased system capacity,
improved energy efficiency and other benefits from having a large number of antennas at
the BS. In summary, pilot contamination seriously affects the performance of Massive

MIMO systems [38]. Therefore, the problem of pilot contamination must be dealt with.

2.2 Methods of Pilot Decontamination

Recently, pilot contamination has attracted substantial attention and different meth-
ods of pilot decontamination have been proposed. Among various existing methods
of handling pilot contamination, pilot assignment, channel estimation methods and
precoding process are three key aspects. In this section, we introduce the pilot assign-
ment in section 2.2.1, followed by channel estimation methods in section 2.2.2, and the

precoding process is discussed in section 2.2.3.
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2.2.1 Pilot Assignment

The pilot assignment is an effective mechanism to reduce the negative effect of pilot
contamination in Massive MIMO systems [39]. The idea of this method is to co-ordinate
the allocation of pilot sequences across all cells to reduce the correlation between the
pilots as observed at each BS. A coordinated approach of pilot assignment was proposed
in [11]. The pilot assignment methods in this paper made use of the mean square error
of channel estimate which related to channel covariance matrices. This pilot assignment
method can offer a powerful way to reduce the negative influence of pilot contamination
on Massive MIMO systems. However, this pilot assignment method in [11] was effective
only when there is no overlap of angle of arrival (AOA) between different multipaths
and the good estimates of covariance matrices can be obtained ( more detail will be

given in Section 3.2.3).

The authors in [40] proposed a pilot reuse scheme which used the relationship
between channel spectrum correlations and channel power angle spectrum. This pilot

reuse scheme can reduce pilot contamination. But this method requires that the AOA
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of different paths from different users do not overlap. The authors in [41] proposed a
scheme in which antennas selection and user scheduling are done jointly. This scheme
had the ability to obtain a good system performance, but the computation complexity

was very high which was a serious issue for this approach.

2.2.2 The Channel Estimation Methods

Drawing support from channel estimation methods to reduce the negative effect of pilot
contamination on the system performance has become more and more popular. In this
section, we introduce some estimation approaches which try to tackle the problem of

pilot contamination.

When pilot sequences are not orthogonal, some methods have been proposed to es-
timate CSI. The research reported in [13] and [42] studied blind pilot decontamination
methods, which estimate CSI using receive signal covariance matrices. These methods
were based on random matrix theory to predict eigenvalue spectra of receive signal co-
variance matrices. They can obtain better estimation results than conventional channel
estimation methods (such as LS methods), but the computational complexity of these

methods are very high.

The covariance-aided channel estimation methods have got more and more atten-
tion. In [11] and [43], estimation approaches were studied exploiting channel covariance
matrices. The authors of [14] also made full use of covariance matrices of channels to
mitigate the negative influence of pilot contamination on system performance. The
authors indicated that, with the help of covariance matrices, the system can obtain
good estimates of CSI and get much better system performance than those methods

which estimate CSI just based on the pilot sequences (such as LS estimation methods).

Although these covariance-aided estimation methods can obtain good estimates
of CSI, they are difficult to obtain the channel covariance matrices. For current
covariance-aided channel estimation approaches, the usual focus is on the scenario
that covariance matrices of channels remain the same. For this situation, the methods
of estimating covariance matrices have been studied in [11]. However, for the other im-

portant scenarios: covariance matrices change due the mobility of users or arrivals of
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new users, the method of tracking changing covariance matrices needs to be researched

further.

2.2.3 The Precoding Process

Reducing the negative influence of pilot contamination on system performance by some
suitable precoding methods has received more and more attention [44]. A precoding
method of multi-cell TDD system was discussed in [45]. The authors proposed a
multi-cell minimum mean-squared error based (MMSE-based) precoding method. The
authors accounted for the inter-cell interference (pilot contamination) and pilot alloca-
tion when designing the MMSE-based precoder, so that this method can obtain better
performance than conventional zero-forcing (ZF) precoding method under pilot con-
tamination. But the complexity of this MMSE-based precoding method is very high.
The authors in [28] considered FDD multi-cell Massive MIMO system and proposed
a two-tier precoding strategy to deal with the inter-cell interference (pilot contamina-
tion) and the intra-cell interference. However, the precoding method in [28] needs a
huge number of independent pilot sequences to get estimates of real-time global CSI at
the BS to mitigate the pilot contamination. This requirement is practically infeasible
for Massive MIMO systems due to the limited channel coherence time. A two-stage
subspace constrained precoding method was proposed in [46]. The author made clear
that the precoding method in [46] was able to obtain good performance. However,
the optimization of subspace dimension partitioning was much complicated and was a

serious challenge for this method.

2.3 Conclusion

In this chapter, basic background of Massive MIMO was firstly presented. Then we
described a serious problem: pilot contamination. After that we discussed pilot decon-
tamination methods. We can conclude that if covariance matrices of channels are fixed,
then covariance-aided channel methods can obtain good channel estimates. However,
for new scenarios: covariance matrices change due to the mobility of users or new ar-

rivals of users, covariance-aided channel estimation methods need to be studied further.



Chapter 3

Channel Estimation Methods in
Massive MIMO

As described in chapter 2, a Massive MIMO system is developed based on a con-
ventional MIMO system but where the BS is equipped with a very large number of
antennas [47, 48]. Massive numbers of antennas at each BS provide Massive MIMO
with several advantages. It should be noted that these benefits rely on the BS obtain-
ing good estimates of the CSI of each user. However, for Massive MIMO systems it is
very difficult to accurately estimate CSI due to pilot contamination. In this chapter
we review techniques for estimating CSI under pilot contamination.

In Section 3.1, we introduce system model of Massive MIMO that we will use in
this thesis. Some channel estimation methods are described in Section 3.2. Section 3.3

presents the reason and effect of pilot contamination.

3.1 System Model of Massive MIMO

In this section, a TDD Massive MIMO system which consists of L time-synchronized
cells is considered. The synchronization between uplink pilots provides a worst case
scenario from a pilot contamination point of view, since any lack of synchronization
will tend to statistically de-correlate the pilots. The channel in this chapter is block-
fading and we focus on channel estimation in one block in this chapter [49]. Therefore,

the statistics of channels (covariance matrices of channels) are assumed fixed in this
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() )
A Base Station

L User

Figure 3.1: The system model of Massive MIMO.

chapter. There is one BS in each cell serving U single-antenna users. Each BS is
equipped with M-element uniform linear array (ULA) of antennas. All users in all cells
share the same time-frequency resource. Furthermore, in this chapter, pilot sequences
used in the same cell are mutually orthogonal and the length for each pilot sequence is
7. However, pilot sequences used in different cells are not orthogonal. In other words,
the intra-cell interference is negligible but the inter-cell interference can not be ignored

during the channel estimation phase.

During uplink transmission (including uplink training and uplink data transmis-
sion), every single-antenna user transmits a pilot sequence or data signal to the BS in
its own cell and every BS can receive pilot sequences from all users in all cells. The
BS can estimate downlink CSI by uplink training thanks to the great feature of TDD

system: channel reciprocity. The system model is shown in Figure 3.1.

During uplink training phase, each BS receives all pilot sequences from all users.
Each pilot sequence lasts for 7 samples. Let the 7 samples received at the mth antenna

of the jth BS be represented by the 1 x 7 row vector y;,,. Then
L U
Yim = Z Z hjlumsél; + Njm, (31)
=1 u=1

where N is the channel complex value between the mth antenna of the jth cell BS

and the uth user in the [th cell. n;,, denotes the noise at the mth antenna of the jth
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cell BS, which is the vector of independent and identically distribution (i.i.d.) zero-
mean, circularly-symmetric complex Gaussian random variables. The noise is a 1 X 7
vector and unknown for both BS and users. s;, is a 7 x 1 real-valued column vector
of pilot symbols which is transmitted from the uth user in the [th cell. Here, we stress

that the length of s;, is 7, and the energy of sy, is
|Stat]? + [Swal> + .. F s = 7 (3.2)

The equation (3.1) can be denoted as

L
y; =Y hus! +n;, (3.3)
=1
where y; = [y}, ¥jo..-¥,y]" is the M x 7 matrix, n; = [n], nl,...nJ,]" is also
a M x 7 matrix. The pilot sequences s; = [s;;  Sj2...s;] (7 x U matrix ), hj is the
M x N matrix given by
bt .. hjwo
h; = : : : (3.4)
hjnee -+ hjiuau

Let hj;,, denote the uth column of hj;, then hj;,, can be written as

hjlu =V ﬁjlu * Pjlu, (3-5)

where the ¢j,,u = 1,2...U areii.d. complex random variable distributed as CA/(0, 1)
with zero mean and unit variance. The S}, is the large-scale attenuation (geometric

attenuation and shadowing) which can be presented as

leu - (36)

o
%;
where the v is gain factor exponent. The « is a constant that determined by the cell-
edge signal to noise ratio (SNR). The dj,, is distance between the user in the /th cell
to the jth BS. For the same BS, the values of the large-scale attenuation are the same

from different antennas. This assumption makes sense because the size of the antenna

array is very insignificant when compared with distance between the BS and users.
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3.2 Channel Estimation Methods

The hj; (j=1,2,..L, 1 =1,2,..L) is the CSI between the BS in the jth cell and users
in the [th cell. In this section, we will introduce some existing channel estimation
methods that can be used to estimate the CSI: the Least Square (LS) estimation
method, Minimum Mean Square Error (MMSE) estimation method and Maximum A
Posteriori (MAP) estimation method. In the same cell pilot sequences are mutually
orthogonal, but in other cells the same pilot sequences are reused. We focus on the
performance of users that share the same pilot sequence, as they are not affected by
other users. Therefore, in this section, there is one user (U = 1) in every cell(refer to

equation 3.12). For this reason, the h;; in equation (3.4) is M x 1 column vector.

3.2.1 Least Square Estimation Method

Least Squares (LS) estimation method does not use any prior knowledge about the
channel, basing the estimates entirely on the received matrices y;. This makes this
method robust to lack of knowledge about the CSI. We now describe the LS estimation
of the CSL

According to equation (3.3), the received signal at the BS is the combination of all

users’ pilot sequences. Therefore, equation (3.3) can be written in another way:

L
Yy, = hjjS? + Z hij? + Ilj (37)
f=1
f#j

where 7 = 1,2,..L, f = 1,2,..L, the first term in equation (3.7) corresponds to the
channels from the jth BS and users in the jth cell. The second term is from interfering
users in the fth cell to the jth BS (f # j), and the third term is white, Gaussian
receiver noise at the jth BS.

The conventional LS methods estimate hj; by minimizing a LS error criterion which
is the squared difference between received signal y; and assumed signal h;;s!. The error

criterion of LS methods is

J(hy) = (y; —hus))(y; — hus))™. (3.8)
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The gradient of J(hj;) is

0J(hj;)

ond Vst hys) (s')". (3.9)
jl

Setting the gradient equal to zero yields the LS estimate
bl = ysi((sf's)") (3.10)

The s; in this thesis are Walsh codes, and they are real-valued column vectors, so

sf’s; = 7. Therefore, equation (3.10) can be written
crs L
hjl = ;ijl. (311)

We assume all users in the system use the same pilot sequence, which can be shown

as
S —=S9...= 8 =S8S. (312)

Under this situation, the LS estimate of hj; is

L
fljl»'lszhjl—f—Zhjf—f—an/T. (313)
f#l

It can be seen from equation (3.13) that, the channel estimate of desired channel hj,
is directly influenced by ZJIJ 21 h;¢ from interfering cells, which is called pilot contami-
nation. Besides, the more serious the pilot contamination is (the more non-orthogonal
pilot sequences used in the estimation process), the worse LS estimate gets. In sum-
mary, under the pilot contamination, the LS estimation method can not obtain good

estimates of desired channels.

3.2.2 Minimum Mean Square Error Estimation Method

The minimum mean square error estimation (MMSE estimation) method takes the
statistics of channels into consideration when estimating the CSI. The estimation pro-
cess of MMSE is described as follows.

The MMSE estimate of desired channel is

BMMSE = y]'le. (314)

3l
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The le is the MMSE filter, which is a 7 x 1 vector of complex-valued coefficients.
The principle of MMSE estimation is to get the minimum mean square error between

the estimated value and the true value, which can be written as
5 : " MMSE ||
Q; = arg mén El| hj; — hy; ||F, (3.15)

where the || - || denotes the Frobenius norm.The mean square error (MSE) of the

estimate is given by

~ 2
MGE = B[ b —hy |}

= E{tr{ (hj — ((hjl + ihjf)sfl + nj> le)

A
L

><(hﬁ—Qﬁ(sl(hﬁ+2hﬁ)+nf>>}}. (3.16)
A

Based on equation(3.16), taking partial derivative of M;‘f MSE with respect to the

conjugate transpose of 2

aMJ}lJMSE L A
— g = siB{hjh} — (3 siB{hjiha}s” + M) (3.17)
al I=1

Since hj; is a M x 1 vector, E{hﬁhﬂ} is a scalar which is denoted below by Ej;.
8M1};[1\45‘E
J

Let o = 0 and get result, which is
J

L
Q?{MSE = (Z SlEﬂSlH -+ MWQI)illejl
=1

L
= (SlEﬂSlH + Z SijfoH + MLUQI)_lSlEjl. (318)
1A
Therefore, according to equation (3.14) and equation (3.18), the MMSE estimator
1s

L
h;-\;[MSE = yj(SlEﬂSlH + Z SijfS}I;I -+ MwQI)*lleﬂ. (319)

A

3.2.3 Maximum A Posteriori Estimation Method
The focus of this section is Maximum A Posteriori (MAP) estimation method which

is popular in many applications [50]. The estimation process of MAP estimation is

explained in the following context of channel estimation.
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The pilot matrix in equation (3.3) can be written as
Sé Sl®IM"'SL®IM:|> (320)

where ® is Kronecker product, and Iy is the M x M identity matrix. Thus

silvm sailm -.. spilwm
S — siolm s2olm ... spolm 7 (3‘21)
sir kv SorIm -.. spelw
where S is a 7M x LM matrix.
Then the received signal in equation (3.3) can be written as
Y, = SH, + N, (3.22)

where H; = vec(h;) is a LM x 1 vector by stacking all L channels into a vector,
and h; = [h;; hj,...h; ] is a M x L matrix. Y; = vec(y,) is a 7M x 1 vector.

N; = vec(n;) is also a vector with the same size as Y.

The principal rule of MAP estimation is to obtain the estimation value by maxi-

mizing the posteriori probability, which is

A

H;, = argmax p( ]|Y)

= argmax ( ) ( J|Hj> (3.23)

)

where H; = [hf h, ---h!}]". The hj; are multivariate complex Gaussian vectors with

zero-mean and covariance matrix R = E[hjlhﬁ |. Therefore, the probability density

function (PDF) of hj; is

exp( — hﬁRj_llhﬂ>
(h -l> - . (3.24)
P\ mMdetR
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Moreover, the hj; vector are independent, so H; is itself multivariate complex Gaus-

sian vector. Therefore, the joint PDF of H; is given as follows

L
exp( - hf! Rj—;hﬂ>
=1

p<Hj> =
7TLM (detle s detRjL)

exp (thj_lhj)

= , (3.25)
7TLM (detle e detRjL)
where R; is given by
R, 2 diag(Rl, . ,RL>
le 0 R 0
0 Ryp ... 0
= 7 : (3.26)
0 o . 0
0 0 ... Rj

in which R;; = E[hﬂhﬁ ] is the covariance matrix of hy;.
Combine equation (3.26) with equation (3.22), then p(Y;|H;) in equation (3.23) is

written as

(3.27)

exp(—(Y SH) ( )/w)
p<Yj|Hj) = (mw?)™
where the w is the variance of noise.

Since p(Y) is a constant, it does not affect the argmax in equation (3.23). There-
fore, equation (3.23) can written in another way, which is based on equation (3.25)
and equation (3.27), and for the reason of simplicity, we present the denominator in a
simplified expression
exp thj—lhj>exp( — (Y, —SH)" (Y, - SH]-)/OJ2)
p<Hj|Yj> = TEM (1002) ™ (detRy - - - detR, )

(
exp<th 'h, >exp< (Y; - SH)" (Y; - SH;) /u?)
('R

7
exp (! Y; - SH)" (Y, - SH;) /u?)

7
Y(H)
= (3.28)
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T (H) = exp(h!'R; 'h; — (Y; - SH)" (Y; - SH;) /u?), (3.29)

U = 7'M (7w?)™ (detRy; - - - detR1.). (3.30)

From equation (3.28), the MAP estimator of H; is obtained by setting the partial

derivative of the numerator

8(exp(hf1lehj — (Y, —SH,)" (Y, - SHj)/wQ))

OY(H)
oHlf oHY
_ SAY; + SHSH;
= R'H; - ] 3 L (3.31)
to zero:
_ S"Y; + S"SH,;
R;'H; — — L =0. (3.32)
Then it is very easy to verify that
-1
HYAP = <RjSHS + WQILM) R;S7Y;. (3.33)

It should be noted that, the MMSE estimate can also be expressed in this way,

which is
-1
H;,WMSE =R;S"” (SRjSH + MQITM) Y. (3.34)

Since H; is jointly Gaussian distributed, the MAP estimation method is equal
to the MMSE estimation method. Moreover, due to the matrix inversion identity
F(I+PF)"' = (FP+I)"'F (the Woodbury Identity), equation (3.33) is same as
equation (3.34).

For a multipath system model, the channel hj; be given by

P
1
h =5 > Gnaleip), (3.35)
p=1

where P is the number of i.i.d paths. The (j, ~ CN(0,0%,) is the complex gain factor
related to distance and SNR between users to the jth BS. a(yj;,) is the M x 1 signature
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vector of ULA based on ¢j;, which is the angle of arrival (AOA) [51]. The covariance

matrix is

R; = E[h;h!]

0.2

= J?lp > Ela(gm)aleonm)], (3.36)

where R, in the MAP estimation method is a function of AOAs of different users (one
user in each cell).

Channel covariance matrices include substantial information such as the AOA of
channels. It has been proven that if there is no overlap between AOAs for desired
and interference channels, then the covariance matrices differ significantly across users.
Therefore, the MAP estimation method can obtain good estimates of the CSI based
on the unique information in covariance matrices under pilot contamination [11]. It
can be seen from Fig.3.2 that there is no overlap between user A and users B, then
the BS can separate the signals of two users based on the different information lying in
their covariance matrices. However, for user A and user C, their AOAs have overlap,
so the information lying in their covariance matrices are very similar. The BS receives
the combination of these two users’ signals but can not separate them due to the very
similar information lying in their covariance matrices. This observation is the basis for
the pilot assignment technique proposed in [11].

MAP estimation methods also require the high quality estimated covariance matrix
of each channel to estimate the CSI in the jth cell. In many papers that use the MAP
estimation method, the covariance matrices are assumed a priori knowledge at the BSs.

In Chapter 4 of this thesis we remove this assumption.

3.3 The Effect of Pilot Contamination

In this section, we discuss the effect of pilot contamination on the capacity of uplink
data transmission. We note that it will also affect downlink precoding as well, but in
this thesis we focus on uplink data transmission.

For uplink data transmission of Massive MIMO systems, the number of users in
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Figure 3.2: The AOA distribution of users in Massive MIMO system.

each cell is also assumed to be 1, which is the same with uplink training. Users in the
fth cell send uplink data signals to the BS in their own cells, which can can be denoted
as ¢f. gy is a scalar and E[qqu] = 65. Therefore, the BS in jth cell receives M x 1
data vector

L
T
z; = > hjqf +w;
f=1

L
hj;q] + ) hyqf +w;, (3.37)
f#3

where the w; is noise, which is a M x 1 vector of i.i.d. zero-mean, circularly-symmetric
complex Gaussian random variables. The BS processes this received signal by multi-

plying the conjugate transpose of channel estimate. The process is
CH

L
= hjj(hyqf + ) hjpaf +wy), (3.38)
T#]

where flg is the conjugate transpose of ﬁjj, and fljj can be obtained from equation
(3.13). For the sake of simplicity, we choose LS estimation method, and similar con-

clusion can be obtained using the MMSE or MAP method. This is called conjugate



30 Channel Estimation Methods in Massive MIMO

beamforming in [3]. Thus equation (3.38) can be written as

L L
Y; = (hy; + > hj+ nys/7) " (hyq! + > hjraf +w;). (3.39)
i i

From equation (3.39), the power of desired signal is

L
P = |[(hy; + Y hyp +nys/7) " (hyiq)) |7 (3.40)
T#]
where the || - || denotes the Frobenius norm. The next step following equation (3.40)

18

sig H H 2
Pj = B ‘ hj hjiq; + Z h; chJqJ TS) h]]q]
f#j
L 2
= E{ ‘Eij]' +> hithyig; + (7.) s 0l hyjq ‘ } (3.41)
f#3

where Ej;; = E[h/th;;]. Since the number of antennas at each user is just one, the Ej;

is a scalar. According to equation (3.5), Ej; is written as

E;; = E[hllhj)]

713

= MpBj;. (3.42)

Following the similar way, the second part in equation (3.41) is calculated as
L
2
E{ | > by } = MB;;Bis. (3.43)
I#j

The last part in equation (3.41) is

E { | (1) 's" 0 hy;q | }

= E{ (T)_légsTnijjnj}

6262
= Tq M B, (3.44)

where R;; in equation (3.44) is the channel covariance matrix. 53 is the power of

uplink data signal, 62 is noise power. According to equation (3.42), equation (3.43)
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and equation (3.44), the power of desired user is

L
P = E{ | Eja; | 2} + E{ | > Bihyigs | 2} + E{ [ (1) 'sinj"hyiq; | }

f#3

— M2 fj5§+M525]]25jf+
f#3

Since the 3, is geometric attenuation and shadowing of interference cells, it is much

252
n-q

Mﬁj]ﬂ (3.45)

smaller than 3;;. Besides, the number of antennas at each BS in Massive MIMO systems

is large, thus M? > M. Follow this way, desired signal power can be approximated by

P29 ~ M232,62. (3.46)

Jiva:

The power of interference signals and noise can be obtained by following the familiar
way, respectively. The power of interference is given by

P;nt@?“ — E{ H (h]] + Zhjf + n]S/TS)H(Zh]qu) H F}

f#3 f#3

L
~ 22 2
~ M7, E Bt (3.47)
If#3
The noise power is

L 2
P = E{ H (hj; + > hyr+n;s/7.) "n, H F}

f#3

L L
= 55E{ (hj; +> hyr+ n;s/r,)" (hy; + > hyp+ ﬂjS/Ts)}

f#3 f#3

L
= 02 (MBj;+ MY Bir+67). (3.48)
f#j
Therefore, the signal to interference plus noise ratio(SINR) at the jth BS is able to

achieved based on equation (3.46), equation (3.47) and equation (3.48)

M252.52

SINR; ~ - 11 4 (3.49)
M25q22 +62<M5]J+M263f+52)
f#i f#7
If there is no pilot contamination in the system, then equation (3.49) can be written
as

M2B2.52

SINR; ~ b 4 . (3.50)

02 (MBy; + M%; Bis +62)
J
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When M goes to infinity, the ratio in equation (3.50) is also tends to infinity.
Therefore, the SINR; goes to infinity with the increase of M.

When pilot contamination exists, if the number of antennas at BS goes to infinity,
then the effect of noise can be ignored. Under this situation, the SINR in equation

(3.49) reaches a limit

2

Jlim SINR; = I (3.51)
S B2
iz

The denominator in equation (3.51) is the interference from adjacent cells which is
caused by pilot contamination.

It can be seen that this interference due to pilot contamination will not decrease,
even though the number of antennas at each BS increases without bound. In other
words, the SINR is bounded due to pilot contamination. Moreover, the capacity of

uplink system which denoted as C' is the function of SINR, which is given as

lim C; = log2<1—|—SINRj)

M—o0

2

- 10g2(1—|— Lﬁjj ) (3.52)
> By

f#7

Based on equation (3.51) and equation (3.52), we can get the conclusion that pilot
contamination is the main restriction on the increase of SINR and achievable capacity
of a Massive MIMO system. Therefore, pilot contamination is a serious challenge for

Massive MIMO systems.

3.4 Simulation Results

In this section, we mainly discuss the performance of three estimation methods men-
tioned in this chapter. Since H; is joint Gaussian distribution, the MMSE estimation
method is equal to MAP method. Thus MAP estimation method and LS estimation
method are considered in this section. The model of the system includes hexagonally
shaped cells, and all users are distributed at the circle with 600 meters to their own

BSs. In this section, we assume each cell there is a user. Each BS has a linear array
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Table 3.1: Basic Simulation Parameters of Chaper 3
Number of paths (P) 60

Number of cells (L) 2

Carrier frequency 2GHz

Gain factor exponent (y) | 2.8
Pilot length (1) 16

Antenna space (D) w/2

with 60 antennas. The cell radius is 800 meters and the signal-to-noise ratio (SNR)
at the user is 18 dB. Moreover, there is no overlap between AOAs for interfering and
desired channels. Other basic parameters are shown in table 3.1.

The normalized mean square error (NMSE) of CSI and capacity per cell are consid-
ered as standards to test the performance of channel estimation methods. The capacity

is given by

L

log, (1+ 3 SINR;)
=1

A =
Cc2 - . (3.53)

The NMSE is calculated as follows

L ~ 2
Zl [hy5 — hy[
err, = 10log,, [J

T X , (3.54)
S Il

The desired cell in Fig. 3.3 is j = 1. It can be seen that, under pilot contamination,
MAP method can get lower NMSE than LS method. Moreover, with increase of the
number of antennas at the BS, the NMSE of MAP method becomes lower and lower,
but there is no decrease for NMSE of LS method. Therefore, MAP estimation method
enables to obtain much better estimate than LS method suffering pilot contamination.

Fig.3.4 describes the capacity per cell. The parameters in this figure are the same
as Fig.3.3. The capacity of MAP method grows much more quickly than the capacity
of LS method as the number of antennas increases. Therefore MAP estimation method

can obtain much more capacity than LS method under pilot contamination.
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Figure 3.3: The NMSE of the CSI, 2-cell network.
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3.5 Conclusion

In this chapter, the system model of Massive MIMO is firstly introduced, then several
channel estimation methods, such as LS mehod, MMSE method and MAP estimation
method are discussed. The MMSE estimation method and MAP estimation method
are examples of covariance-added estimation methods, which are able to achieve much
better estimation results than the LS estimation method. However, these covariance-
added estimation methods need to estimate every channel covariance matrix separately,

which is a difficult and complex work in Massive MIMO due to pilot contamination.



Chapter 4

Novel Estimation Methods for New

Scenarios

4.1 Introduction

Based on Chapter 3 we can draw a conclusion that, under pilot contamination, covariance-
aided estimation methods ( such as the MMSE estimation method) is able to achieve
much better estimation results than the LS estimation method. However, the MMSE
estimation method requires the estimate of the covariance matrix for each channel.
Current research which uses the covariance matrix to estimate CSI assumes that the
covariance matrices can be estimated accurately prior to being used in channel estima-

tion.

Some papers assume that covariance matrix of each cell can be estimated by getting
the users in different cells to transmit pilot sequences one at a time [11]. The pilot
sequences in the same cell are mutually orthogonal. In this way, every time only users
in one cell transmit pilot sequences, so that there is no pilot contamination and covari-
ance matrices of each cell can be estimated separately. After estimating all covariance
matrices, then all users in the system begin to transmit signals simultaneously. How-
ever, estimating covariance matrices in this way has some limitations. For example,
this estimation method can only fit the situation in which no new users come into cell

and locations of users are fixed. If a new user enters the cell with unknown covariance
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matrix or covariance matrices are initially known but change over time due to mobility
of users, then the method which makes cells switch on and off separately to estimate
the new covariance matrices is no longer desirable, because it requires too much time.
During this estimation period, each time only users in one cell are transmitting pi-
lots, which increase the overhead and reduces the performance of system. It would be
better if all users can continue to transmit pilots and data whilst the BS tracks the
changing covariance matrices. This chapter investigates how the tracking process may

be implemented and performance results are obtained.

4.2 System Model for New Scenarios

As mentioned in Section 3.1, the system model in this chapter is also a network of L
time-synchronized cells, and the channel is block-fading. Each block consists of uplink
transmissions (including uplink training and uplink data transmission) and downlink
transmission. We focus on uplink transmission in this chapter. Moreover, the covari-
ance matrices of channels in this chapter are constant until the arrival of the new user
or the mobility of users. In this chapter, in the same cell pilot sequences are mutually
orthogonal, but in different cells they are the same group. Since we will be focusing on
the performance of users that share the same pilot sequence, the number of users per
cell in this chapter is U = 1. The number of cells in this chapter is L =4 or L = 7.
The other parameters are the same as Section 3.1. The system model of this chapter
(4 cells) is shown in Fig. 4.1. From this figure, we can see that in each cell there is one
user with single antenna, and each BS have a antenna array with M antennas. The
user in the cell can move, or a new user comes into one cell (no user in the cell moves).

The BS in the jth cell receives signals from all users

L

yi(n) =Y _hu(n)sf (n) +mny(n), (4.1)

=1

where n = 1,2,--- | N is the number of blocks. The hj;;(n) is a M x 1 vector which
is a constant in the nth block but changes during different blocks (the so called block

fading model [49]). y;(n) and n;(n) areM X 7 matrices. y;(n) and n;(n) are variables
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Figure 4.1: The system model for new scenarios.

in the nth block. The s(n) denotes the pilot sequences in the nth block, since in every
block the pilot sequences are the same, we describe the pilot sequences in the nth block

as s instead of s(n). We choose a multipath model, the channel be written as

() = 5 3 Gpmales(n), (4.2)

where P is the number of i.i.d paths. The ((n);;, is the complex gain factor in the
nth block, which is related to distance and SNR between the user and the jth BS.
a(pjip(n)) is the signature vector of ULA based on ¢j;,,(n) which is the angle of arrival

(AOA) of pth path of the channel between the [th user and the jth BS [51]. The
a(pjip(n)) is

1

e—iQW%cos(gojlp (n))

alpip(n) 2 | , (43)

.y (M—1)D
712ﬂ%cos(gpjlp (n))

in which D is the antenna space and p is the wavelength of the signal. In this
chapter, we consider D = p/2. Moreover, ¢;;,(n) is the random AOA, such that
ip(n) € [—m, ], Since ;i,(n) € [—m, 0] and p;i,(n) € [0, 7] can get the same result
for cos(pji,(n)), we just consider the case that the ¢j,(n) is between 0 and 7.

Moreover, (ji,(n) in equation (4.2) is modeled by

Cip(n) = 1/ Bju(n)e i, (4.4)

where the ¢j;, is the i.i.d. random phase, and it is independent across different j,
and p. The /f;; is large-scale signal attenuation due to distance and shadowing and
we denote 3;; = a/d}l as in Chapter 3.
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4.3 Novel Estimation Methods for New Scenarios

In this section, we will firstly research a situation in which there is a new user who
comes into a cell with unknown covariance matrix, and we then study another scenario:
all covariance matrices change due to mobility of users. Covariance matrices in every
block keep the same until users change their locations or a new user comes into the

cell.

4.3.1 Novel Estimation Method for the First Scenario

We now describe the first scenario: a new user enters one cell has a fixed but unknown
covariance matrix. Moreover, in this scenario, the scheduled number of served users
for each BS at the same time is fixed. Therefore, the initial user in that cell drops out
its service when the new user is scheduled. We suppose the new entrant uses the same
pilot sequence as the initial one, but its location in the cell is dramatically different
from the initial one. Besides, after the new user comes into the cell, its covariance
matrix will keep the same over time. The users in other cells also have fixed covariance
matrices and we assume that they are known from initial training [11]. Therefore, we
only need to estimate the new covariance matrix related to the channels of the new

user.

The key idea that we explain is that the sum of all the covariance matrices for cell

j can be estimated using the received signal y; directly.

The covariance matrices of received signal is shown as

R} = Ely;(n)yj'(n)]
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The first part and the last part in equation (4.5) are

E[ghﬂm)sfslhﬂ(n)] - rE{ghmmhﬂ%)]

L
= 7Y Ry, (4.6)
=1

qm } Z"m, (4.7)

where Rj; and R?l"ise are the channel covariance matrix and the noise covariance matrix,
respectively.

The h;;(n) and n;(n) are independent and n;(n) is zero-mean random vector, so
the second part in equation (4.5) is equal to zero. Following a similar methodology, the

third part in equation (4.5) is also zero. Thus, the final expression of equation (4.5) is

L
Yy _ noise
Rj=r1 E Rj + R}, (4.8)
1=1
in which the Zl 1 Rj; is a sum of channel covariance matrices. The covariance

matrix of the noise R;»w“’e is w?Iy;. Therefore, we can obtain the desired channel
covariance matrix (assume the new entrant comes into vth cell) by equation (4.8),
which is

L
1 noise
Rj, = ;[R?_Rj } - Ry
l#v

L

:%W_MA_Z&” (4.9)
I#v

The Rj; in equation (4.9) are assumed to be estimated correctly before the new

user’s entry. Based on the discussion above, only R;, changes and Zéév R remains

the same. The only unknown part of equation (4.9) is R} which can be estimated

directly from the received signal by:

= LY vy ") (4.10)

Therefore, the estimation of Rj, can be written as

ﬁmin)==l{ﬁ$( -—uPIM] }:I%l (4.11)

-
l#v
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The MAP estimation equation based on estimated covariance matrices is (refer to

3.33)

1

hj,(n) = R;,(n) {Z R;i(n) + wQIM} i STY;(n). (4.12)

Our assumption in this section is that the covariance matrix of the new user does
not change over time. It is feasible to estimate the new covariance matrix by taking n
in equation (4.10) large enough.

The details of the proposed algorithm are summarized as follows:

Step 1) Before new entrant comes into the vth cell, the jth BS achieves the correct

estimation value of original fljl and le through training;

Step 2) The new user enters the vth cell, then the jth BS collects y;(n) and calculates
R(n) based on the equation (4.10);

Step 3) Compute the nth block estimated Ry, (n) based on the equation (4.11);

Step 4) Estimate the h;;(n) by equation (4.12) based on R,(n) in Step 3).

4.3.2 Novel Estimation Method for the Second Scenario

In this section, we study a second new scenario: all users in the system move slowly
so that their covariance matrices change slowly with time. Even though covariance
matrices under this condition change a little each time, if we do not update them,
the new covariance matrices will be considerably different from the original ones after
several periods of time. At that time, new covariance matrices need to be estimated
separately again. Instead, we try to track the estimated covariance matrices as they
change over time.

We briefly analyze a special case: one user in one cell moves slowly, so the channel
covariance matrix of that cell changes (assume the user in the jth cell moves). Users
in other cells have fixed covariance matrices. The unknown covariance matrix R;;
in this case can also be estimated by equation (4.11). But it is better to track the

changing covariance matrix R;; using the exponential moving average with forgetting
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factor \; € [0, 1]

where

Aﬁjﬂn):{%[ﬁg( ‘W21M} ZRJI } (4.14)

I#j

and
RY(n) = (1—MN)RY(n—1)+ My(b)y®)". (4.15)

Note that we are also tracking the covariance matrix of y;, which is also changing
due to the mobility of the user in jth cell. Therefore, we use a different forgetting
factor A € [0,1] in equation (4.15). The R,;(n) is the estimated value of R;;(n) from
previous block n and the ARﬁ(n) is the updated part which is described in equation
(4.14). Because only covariance matrix of jth cell changes, and Zé@ R,;(n) remain the
same as n increases. Therefore, we can get an estimate of R;;(n) by equation (4.13).

Now we consider the general situation of second scenario: covariance matrices of all
channels are changing due to all users moving slowly. Under this condition, the esti-
mation equation is the same as equation (4.13), but Zéé ’ R,;(n) also must be tracked.
It appears that there are too many unknowns to track all the changing covariance ma-
trices. However, we exploit the fact that the distance between each interfering user to
the jth BS is typically much larger than the distance between user in the jth cell to
the jth BS. If all users in the system move with the same speed, R;;(n) changes more
slowly than R;;(n) changes. The further the distance between the interfering user and
the jth BS is, the more slowly change in R;;(n) compared with R;;(n). If interfering
users are originally distributed at the cell edges which are not very close to the jth BS,
we can concentrate on estimating R;;(n) and suppose interfering covariance matrices
change much more slowly compare with the covariance matrices of the jth cell with
movements of all users. Under this situation, the estimation equations are described

as

Rji(n+1) = NAg ) + (1= X)Ry(n), (4.16)
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where

Agin) = {l [R?(”) - WQIM} - iﬁjl(n>}; (4.17)

1]

and

L3 hy(b)hy (b)" ifn<W
=\ e (4.18)
% > hy(b)hy(b)",if n>W,

b=n—W+1

R (n)

in which | # j in equations (4.16-4.18). The W is the length of window. Here we
assume that f{jl (n) can be updated in a decision-directed manner, in which channel
estimates fljl(b) are assumed reliable enough to estimate the covariance matrices. We
tried to estimate the covariance matrix of the desired user (with [ = j) by equation
(4.18) but it did not work: the estimates of hj;(n) were apparently unreliable very
quickly. When n > W the value of Aﬁjl(n) in equation (4.18) is the sample average
which just depends on the recent W blocks. Therefore, equation (4.18) tracks the new
covariance matrices of received signal when users change their locations. The Rﬁ’(n)
in equation (4.17) can be achieved by equation (4.15). Therefore, we can estimate the

channel covariance matrices by equation (4.16-4.18).

The proposed algorithm for the case which all users move is summarized below

Step 1) Before users moving, the jth BS achieves the original estimate value of flj and

R, through training;

Step 2) All users in system move slowly. The jth BS collects y;(n) and calculates
R (n) based on equation (4.15) ;

Step 3) The jth BS achieves the value of f{ﬂ(n) based on equations (4.16-4.18);

Step 4) Estimate the hj;(n) by the equation (4.12) based on R (n) in Step 3).

4.4 Simulation Results

In this section, we use hexagonally shaped cells in which all users are originally dis-

tributed at the circle with 800 meters to their own BSs. The cell radius is 1000 meters
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Table 4.1: Basic Simulation Parameters of Chapter 4
Number of paths (P) 40

Number of cells (L) 4,7

Carrier frequency 2GHz
Gain factor exponent () 3
Pilot length (1) 8
Antenna space (D) w/2

and the cell-edge signal-to-noise ratio (SNR) of jth cell is 20 dB. Moreover, we assume
that there is no overlap between AOAs for interfering and desired channels all the time.
Other basic parameters are shown in table 4.1. We choose the bit error rate (BER) of
16-level quadrature amplitude modulation (16-QAM) for uplink data transmission and
the normalized mean square error (NMSE) of CSI as metrics to test the performance

of the proposed algorithms. The NMSE of CSI is denoted as

hy;(n) — hy;(n)]|

L
Jj=1

erry, = 10log;, (4.19)

L 2
Z ||hJ](n)HF
7=1

Fig. 4.2 depicts the NMSEs of CSI when a new entrant comes into jth cell with
otherwise fixed covariance matrices. The initial user in the jth cell drops out its service
and interfering users in system have fixed covariance matrices. We suppose j = 1 in this
figure. The distance between user and 1st BS is dy;, such as di; = 800m, di2 = 2532m,
di3 = 2241m, dy4 = 2501lm, M = 50. After the user enters the 1st cell, the distance
between the new user and its BS is dy; = 750 meters. We assume the new user comes
into the cell at the first block. After the new users comes into the cell, all covariance
matrices are fixed. It can be seen that the performance of our proposed algorithm is
not very good when n is small. But with the increase of n, its performance becomes
much better than that obtained by the LS estimation method or the MAP estimation
method with un-updated (incorrect) covariance matrices which is shown in Fig. 4.2.
That is because, the sample covariance matrices f{y(n) are very different from true

values of the R, when n is small. But the difference quickly decreases as n increases.
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Figure 4.2: The NMSE of CSI for the case: new user enters a cell, M = 50, 4-cell

network.

Therefore, the performance of our algorithm improves as n grows large.

We then study the second scenario: all users move slowly. In this situation, M = 40,
A =0.01, \¥ = 0.05 and W = 400 (we did multiple experiments to tune these value).
The details of the mobility of users are as follows: every user move slowly towards to
their own BSs, we sample every 10 meters as a interval which is called one movement
of users. Each movement lasts for 10 seconds. In summary, the user’s movement is
continuous but sampled. The channel covariance matrices are fixed during the same
users’ movements but change in different users’ movements. In each movement of
users, there are 62500 blocks transmitted (including training and data blocks) and 700
blocks are training blocks and used to track the new covariance matrices. Each training
time, we use 700 blocks to track the changing covariance matrices, and then use these
matrices to estimate CSI. These covariance matrices are averaged by 1000 drops of
users.

Fig.4.3 depicts the NMSEs of hy;. In this figure, the blocks refer to the training
only. Users continue move slowly and we train 8 times. The distance between users
and 1st BS is dy;, such as di; = 800m, dio = 2532m, di3 = 2457Tm, d14 = 2501m. It can
been seen from Fig.4.3 that when users change their locations, the NMSEs of proposed
algorithm and MAP estimation with un-updated covariance matrices all rise. But the

NMSEs of our proposed algorithm will come down quickly during the period in which
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Figure 4.3: The NMSE of channel covariance matrix for the case: all users move slowly,

di1 = 800m, di5 = 2532m, d13 = 245Tm, di4 = 2501m, M = 40, 4-cell network, W=400.

there is no change, and then they keep relatively stable until the next movements of
users. However, the NMSEs of MAP estimation with un-updated (incorrect) covariance
matrices do not come down and continue rising with the movements of users. After
users move 8 times, the NMSEs of proposed algorithm are clearly lower than those
obtained by the LS method or the MAP method with un-updated (incorrect) covariance

matrices.

Although the proposed method improves on the methods that do not attempt to
track the changing covariance matrices, it is not clear if it tracks the changes sufficiently

well to provide reliable communication. We examine this issue next.

Fig.4.4 describes the BER performance of 16-QAM. Parameters of this figure are
the same as Fig. 4.3. There are two curves in this figure: BER performance with
NMSE of h equal to —38 dB (when covariance matrices are estimated correctly); BER
performance with NMSE of h equal to —30 dB. We argue that a BER of less than
1079 is acceptable for data communication [52]. It can be seen that the curve which
the NMSE of h equal to —30 dB is lower than 107¢ at SNR= 9 dB, which is an
acceptable value in a practical digital system. According to Fig.4.4, for our proposed
method, the NMSE= —30 dB after users move 7 times; however for the MAP estimation
method with un-updated R, the NMSE= —30 dB when users only move 3 times.
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Figure 4.4: The BER performance of 16 QAM for the case: all users move slowly.

Therefore, it is reasonable to assume that before the covariance matrices would need
to be re-estimated, the proposed method in the scenario illustrated in Fig. 4.3 provides
satisfactory performance for about 437500 blocks (including training and data blocks),
however, the MAP method with un-updated covariance matrices can provide good
performance for only about 187500 blocks. After that the system has to estimate new

covariance matrices separately again by the method in [11].

Fig. 4.5 shows performance of three estimation methods in a 7-cell network. In
this figure, di; = 800m, dio = 2532m, diz = 2457m, diyy = 2457m, di5 = 2532m,
dig = 2241m, di7 = 2501lm. Other parameters are same as Fig. 4.3. From Fig. 4.5
we can see that, the NMSE of the proposed method is higher than that in Fig. 4.3.
The reason is that the number of interfering cells in Fig. 4.5 is bigger than Fig. 4.3,
which can reduce estimation accuracy of covariance matrices (refer equation (4.16-
4.18)). Even though the NMSE of proposed method in 4.5 is higher than 4.3, it is still
much better than the LS method and the MAP method with un-updated (incorrect)
covariance matrices.

The Fig.4.6 shows the relationship between forgetting factor )\g and the performance
of proposed method. The forgetting factor of received signal AY in this figure is 0.05 or
0.01. Other parameters are the same as Fig.4.3. From Fig.4.6 we can get that the value

of forgetting factor )\? is able to affect the performance of our proposed method. The
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Figure 4.6: The NMSE of channel covariance matrix for the case: all users move slowly,

4-cell network, W=400, \§=0.05 or 0.01.

MSE of channel estimate with A = 0.05 is lower than that with \Y = 0.01. The reason
is that, the forgetting factor balances between the updated part and the previous part.
It )\? is too small, it will not track the new covariance matrices very well during each
user’s movement and will increase the NMSE of channel estimate. Therefore, if users
change quickly during every movement, )\g should be relatively large to obtain new

covariance matrices estimate.
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Figure 4.7: The NMSE of channel covariance matrix for the case: all users move
slowly, di; = 800m, di5 = 1066m, di3 = 2241m, di4 = 1275m, M = 40, 4-cell network,
W=400.

In Fig.4.7, we want to test the influence of distances between interfering users and
the jth BS on proposed method performance. In this figure, two interfering users’
locations are close to the jth BS, such as d;; = 800m, d;s = 1066m, di3 = 2241m,
diy = 1275m, and other parameters are same as Fig.4.3. The NMSE in Fig.4.7 is
bigger than that in Fig. 4.3. This is because the interfering users in Fig.4.7 are closer
to jth BS compared with Fig.4.3, so the effect of interfering users’ mobility on Ry;(n) is
correspondingly more serious. Therefore, we can draw the conclusion that the further
the interfering users are from the jth BS, the better the performance of the proposed

algorithm.

4.5 Conclusion

This chapter studies covariance-aided estimation methods in new scenarios in which
covariance matrices change due to the arrival of the new user or mobility of users. We
analyze two different situations and propose algorithms to estimate the new covariance
matrices and then obtain channel estimation results based on these estimated covari-
ance matrices. Simulation results show that when the new covariance matrices are not

directly available, our proposed algorithms can provide satisfactory performance than
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those two algorithms (the LS method and MAP estimation method with un-updated
(incorrect) covariance matrices) before the system re-estimates the new covariance ma-
trices using the method in [11]. In other words, our proposed method reduces the

frequency of pausing the system transmission to train the system one cell at a time.
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

Pilot contamination has become the bottleneck for the performance of Massive MIMO
systems. Covariance-aided channel estimation methods have been considered as a
promising candidate to deal with this problem. Therefore, in this thesis, we focus
on covariance-aided channel estimation methods under pilot contamination in Massive
MIMO systems. Moreover, different from most covariance-aided methods which usu-
ally assume covariance matrices are fixed and known, we study new scenarios in which
all or some of channel covariance matrices are not directly available. We focus on two
specific scenarios: 1) a new user arrives in the cell with unknown covariance matrix; 2)
covariance matrices are initially known but change over time due to mobility of users.
For these cases, we develop novel algorithms to estimate new covariance matrices and
use these estimated covariance matrices to obtain high quality channel estimates. Sim-
ulation results we obtain show that under pilot contamination, our proposed algorithms
are superior to the Least Squares estimation method and the MAP estimation method

with un-updated covariance matrices.
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5.2 Future work

Although our proposed methods have the ability to obtain much better performance
than Least Squares estimation and MAP estimation method with un-updated (incor-
rect) covariance matrices, it still can be improved. For example, the scenario which all
users move regularly and slowly, when the interfering users are distributed at the edges
close to the jth BS, there is a little benefit from our proposed algorithms. Therefore,
some additional (or alternative) measures are needed to improve the performance for
the situation which interfering users are distributed close to the jth BS, which is an

interesting future topic for research.
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