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Summary

As an engineer and researcher, I have been dealing with the research, standardization and industrial-
ization of wireless communication systems since the late 90’s. Specifically, I have been witnessing and
contributing to the evolution of the 3rd, 4th and currently to the 5th generation of cellular networks.
The impact of this evolution on the society, public administration, businesses and individuals has been
profound and played a key role in defining the information age and shaping the fully connected societies.
Indeed, the technology footprint of cellular networks has lead to unprecedented economies of scale,
which, in turn resulted in a rapid growth of technology solutions that enable them to operate with high
spectral and energy efficiency in a great number of spectrum bands.

My contributions to the advances of cellular technologies lie in the fields of radio resource management
and signal processing for multi-antenna systems, and specifically in the areas of channel estimation and
receiver design. In particular, my contributions as a researcher are threefold: (i) conducting research for
the purpose of proposing channel estimation and receiver designs that are superior to their state-of-the-art
counterparts, (ii) identifying the necessary changes in communication standards that ensure the inter-
operability of such novel designs and (iii) developing suitable methodology for the performance analysis
of the proposed channel estimation and receiver techniques. The results of these efforts include research
papers in internationally recognized journals and book chapters, communication standards specifically
developed for the inter-operability of cellular systems and more than 40 internationally granted patents
that are deployed cellular systems around the world.

In this thesis, I develop methodology and techniques to develop receiver algorithms that are optimal
in terms of minimizing the mean squared error of the received data symbols in the presence of the
estimation errors of the prevailing wireless channels through which communication takes place. The
proposed methodology and techniques enable me to prove that the state-of-the-art receiver structures are
suboptimal in the presence of wireless channel estimation errors, while the proposed receivers are optimal
in terms of minimizing the symbol errors at multi-antenna receivers. I also developed methodology that
enables the exact analysis of the symbol errors as functions of the resources used for obtaining channel
estimates at the wireless receiver and transmitting data through the wireless channel.

These methods have lead to channel estimation techniques and receiver algorithms that significantly
improve the spectral and energy efficiency of multi-antenna cellular systems, and simplify the design
of receiver algorithms when the number of deployed antennas at cellular infrastructure nodes increases
over time.
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Osszefoglal6

A kilencvenes évek 6Ota a vezetéknélkiili tdvkozlS rendszerek kutatdsaval, szabvanyositdsdval és ipari
megvalésitasaval foglalkozom. Munkdm soran hozzéjarultam a harmadik, negyedik és jelenleg az 6todik
generdcids cellularis rendszerek fejlédéséhez. E fejlédés jelentSs hatdst gyakorol tarsadalmunk szinte
minden szegmensére, és meghatarozo szerepet jatszik az informdcios tarsadalom formaldsaban. A cel-
lularis rendszerek sz€leskord haszndlata lehetGvé tette e rendszerekben alkalmazott csticstechnoldgidk
gyorsan megtériil§ kifejlesztését és gazdasdgos bevezetését. Ezeknek a mérnoki megoldasoknak kdszon-
hetSen a celluldris hdlézatok milliok szamdra teszik lehetSvé az Internetes szolgéltatdsok elérését.

Kutatdsi teriiletem a vezetéknélkiili tdvkoz18 rendszerek radiés eréforrasainak menedzselését segits
algoritmusok, valamint az ilyen rendszerekben alkalmazhaté jelfeldolgozé mddszerek. Specifikusan,
e disszertacié eredményei hozzdjarulnak a tobbantennds vezetéknélkiili tavkozIS rendszerekben al-
kalmazhat6 csatornabecsl§ €s jelvevs mddszerek fejlesztéséhez, ezen mddszerek szabvanyositdsdhoz
valamint teljesitményelemzéséhez. E teriileteken elért eredményeimet nemzetkozi konferencidkon és
tudomadnyos folydiratokban valamit szdmos konyvfejezetben tettem kozzé. A javasolt radiés erGforras-
kezl§ és tobbantennds rendszerekben alkalmazhat6 jelfeldolgoz6 technikdk ipari megvaldsitdsat jelenleg
tobb, mint negyven nemzetkozi szabadalom védi.

Jelen disszertacid olyan mddszereket és technikdkat mutat be, melyek optimalis tobbantennds vevék
kifejlesztését teszik lehet6vé, abban az értelemben, hogy a vett adatszimbolumok &tlagos négyzetes
hibdja minimdlis. A disszertdciéban kidolgozott mddszerekrdl bebizonyitom, hogy a jelenleg alka-
Imazasban 1év6 vevSalgoritmusok szuboptimdlisak, azaz nem minimalizéljdk a vett adatszimbdélumok
becslési hibdjat olyan esetekben, melyekben a radi6s csatorna dllapota a vevd szdmdra nem pontosan
ismert. Az dltalam javasolt mddszer djdonsdga, hogy a csatornabecslést és a kiildott adatszimbélumok
dekddolasat egyiittesen kezeli. Ezéltal lehetdvé vdlik a csatornabecslésre és az adatkiildésre szant radios
erSforrasok egyiittes kezelése és optimalizdldasa. Olyan matematikai médszereket dolgoztam ki, melyek
ezen egyiittes csatornebecsld - jelvevd médszerek pontos, zart képletekkel torténd elemzését teszik
lehet6vé, és ezaltal betekintést nydjtanak az antenndk szdmanak, az alkalmazott adételjesitménynek
és mds mérnoki paramétereknek a kommunikdcié mindségére és spektrumhatékonysagara gyakorolt
hatdsdnak az elemzésére.

A disszertdciéban javasolt mddszerek Osszességiikben nagyban javitjdk a tobbantennds celluldris
rendszerek spektrélis és radids eréforras hatékonysagat és a vezetéknélkiili csatornan torténd kommu-

nikdcié min&ségét.
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Chapter 1
Introduction

1.1 Technological Motivation

In this section I review some of the relevant literature in the areas of information theoretical aspects
of wideband communications, Multiple Input Multiple Output (MIMO) transceiver design, pilot based
channel estimation techniques and specifically techniques to mitigate the affects of pilot contamination
(PC) and Channel State Information (CSI) errors. I also point out my contributions to this line of research.

1.1.1 Information Theoretical Aspects of Wideband Communications and Capacity
Analysis

An important insight from the works reported in [1] and [2] is that there is a continuum between
the extremes of communicating in non-coherent (without CSI availability) and coherent (perfect CSI)
fashions over wireless channels in terms of the achieved spectral efficiency. Specifically, communicating
over a completely unknown channel is subject to a penalty of the channel uncertainty, sometimes in the
form of training costs. On the one hand, this penalty depends on the knowledge the receiver has of the
channel and on the channel’s rate of change. On the other hand, reducing this penalty by sending over
only a fraction of the available degrees of freedom results in a loss of spectral efficiency.

In practice, the channel coherence time might be long enough to both estimate the fading coefficients
and use such estimates to communicate coherently after the estimation period, as well as to achieve
performance close to the fully coherent case (as emphasized in [3]).

Reference [2] studies the connection between the channel uncertainty penalty and the coherence
length of the channel in MIMO systems. A key observation is that in the low signal-to-noise ratio (SNR)
regime, estimating the channel at the receiver may not be possible and hence communication may be
desirable without training. More exactly, if the channel coherence length is above a certain antenna- and
SNR-dependent threshold, the noncoherent and coherent capacities become the same in the low-SNR
regime.

The above results suggest that, depending on the SNR and the number of antennas, there may be
a large gap between the coherent and noncoherent extremes in terms of achievable spectral efficiency,
and channel learning is key in bridging this gap. Therefore, it is interesting to consider the ultra-
wideband (UWB) regime and focus on the case when training signals are used for channel estimation at
the receiver. The capacity of this scheme is studied in [4] to investigate the impact of multipath sparsity
on achieving coherent capacity. The key results of that paper are a lower bound on the capacity of the
training-based communication scheme and the coherence level that can be achieved, and the insights
into the impact of channel sparsity on the achievable capacity in the UWB regime.

The work in [5] studies the impact of channel state feedback on the achievable rates in sparse
wideband channels. A key insight is that a partial and/or limited feedback scheme, where only one
bit per independent degree-of-freedom (DoF) is available at the transmitter, can nearly achieve the
performance of a system in which perfect CSI is available at the transmitter. References [6] and [7] focus
on acquiring channel state information at the transmitter in multi-user systems where the feedback from
each user terminal must be limited. It is shown that the combination of long term channel statistics and
instantaneous norm feedback provides sufficient information at the transmitter for efficient scheduling,
beamforming and link adaptation in wide-area scenarios. More recently, the work in [8] considers a



dc_1513 18

2 1 Introduction

case in which a transmitter with two antennas broadcasts to two single-antenna users. It is assumed that
the two receiving users have perfect channel information, whereas the transmitter has only statistical
information of each user’s link (covariance matrix of the vector channel). The paper focuses on the
design of beamforming vectors that depend on such statistical information and maximize the ergodic
sum-rate delivered to the two users.

1.1.2 Multiple Input Multiple Output Transceiver Design

Reference [9] deals with robust MIMO precoding design with deterministic imperfect channel state
information at the transmitter channel state information at the transmitter (CSIT) such that the worst-
case received SNR is maximized, or the worst-case error probability is minimized. Reference [10] is
concerned with the design of linear MIMO transceivers that are robust to CSI perturbations at both
sides of the link that is to errors in CSIT and channel state information at the receiver channel state
information at the receiver (CSIR). In that work, the design of the transceiver is based on minimizing
the average sum MSE of all data streams and users. That paper assumes a perturbation error (modelled
as a Gaussian additive term), but this CSI error is not controlled by pilot power or the training scheme.
Therefore, the pilot-data trade-off is not considered in that paper. The model used in [11] builds on the
uplink (UL)-downlink (DL) duality in sum MSE under imperfect CSI. In that work, the imperfectness of
the channel knowledge is taken into account in the joint minimum mean squared error (MMSE) design.
The sum MSE minimization problem for the UL and DL is subject to power constraints. However, the
aspect of pilot power is not considered, and the MSE is not derived as a function of the pilot power under
a constrained pilot-data budget.

1.1.3 Channel Estimation and the Pilot-to-Data Power Ratio

The seminal work reported in [12] evaluates the difference between the mutual information when the
receiver has only an estimate of the channel and when it has perfect knowledge of the channel. Upper
and lower bounds are established on this difference and are related to the variance of the channel
measurement error. In [13] it is shown how training based channel estimation affects the capacity of the
fading channel, recognizing that training imposes a substantial information-theoretic penalty, especially
when the coherence interval T is only slightly larger than the number of transmit antennas or when the
SNR is low. In these regimes, learning the entire channel is highly suboptimal. Conversely, if the SNR is
high, and T is much larger than M, training-based schemes can come very close to achieving capacity.
Therefore, the power that should be spent on training and data transmission depends on the relation
between T and M. The work in [14] can be seen as a sequel of [13], taking into account intersymbol
interference and the receiver technique (equalizer) used on the receiver side. However, none of these
works consider the regularized MMSE receiver, and therefore the pilot power setting that minimizes the
MSE of a regularized MMSE receiver is not discussed in these papers.

The Multi-user Multiple Input Multiple Output (MU-MIMO) setting is the focus of [15], in which
the coherence interval of 7 symbols is expended for channel training, channel estimation, and precoder
computation for DL transmission. Specifically, the optimum number of terminals in terms of the DL
spectral efficiency is determined for a given coherence interval, number of base station antennas, and
DL/UL signal-to-interference-plus-noise ratio. There is no receiver design involved and the pilot-to-data
power trade-off is out of the scope of the optimization process.

Reference [16] investigates the optimization of the pilot overhead for single-user wireless fading
channels, and the dependencies of this pilot overhead on various system parameters of interest (e.g.
fading rate, SNR) are quantified. By finding an expansion of the spectral efficiency for the overhead
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optimization in terms of the fading rate around the perfect-CSI point, the square root dependence of both
the overhead and the spectral efficiency penalty is clearly identified.

1.1.4 Contributions of the Dissertation

In this dissertation, I consider the uplink of Single-User Multiple Input Multiple Output (SU-MIMO) and
MU-MIMO systems that use pilot based estimation techniques to acquire CSIR and aim at minimizing
the MSE of the received data symbols. To this end, in this rather general setting, the dissertation addresses
the key design aspects of designing the optimal receiver structure and the finding optimal Pilot-to-Data
Power Ratio (PDPR) an MMSE receiver for data reception.

My contributions to the existing literature are as follows:

¢ I derive the actual MMSE receiver that — in contrast to the classical or naive formula — minimizes
the MSE of the estimated uplink data symbols in the presence of PDPR dependent estimation errors.

¢ I derive a closed form exact expression for the MSE, as a function of not only the PDPR but also the
number of antennas. This exact formula allows me to arrive at the key insight that employing the
actual MMSE gives large gains as the number of antennas grows large.

* For the case of uncorrelated receive antennas at the base station (BS), I give a closed form expression
for the MSE of the estimated data symbols and for the pilot power that minimizes this MSE.

* For the case of correlated receive antennas at the BS, I identify the regularized MMSE receiver
structure, and give closed form expressions for the achieved MSE.

I derive a closed form for MSE of the equalized data symbols for arbitrary correlation structure
between the antennas by allowing any covariance matrix of the uplink channel. This form is powerful,
because it considers not only the pilot and data transmit power levels and the number of receive
antennas at the base station as independent variables, but it also explicitly takes into account antenna
spacing and the statistics of the angle-of-arrivals (AoAs), including the angular spread as a parameter.
For example, the methodology enables me to study the impact of the PDPR on the UL performance
for the popular 3GPP spatial channel model often used to model the wireless channels in cellular
systems. The closed form formula takes into account the impact of number of antennas, AoA and
angular spread on the MSE and thereby on the PDPR that minimizes the MSE.

¢ I derive closed forms for both the uplink data MSE and spectral efficiency taking into account the
constraints of the comb and block type pilot arrangements. As a major difference with respect to
previous works, this closed form result allows me to find the close-to- optimum number of pilot
symbols and pilot power for a generic channel estimation method. In particular, I compare Least
Square (LS) and MMSE channel estimation in block-type and comb-type pilot arrangement, for a
BS that employs a large number of antennas.

These results allow me to study numerically the gains of using the regularized MMSE receiver and
optimal pilot power levels over schemes that use the naive receivers and/or suboptimal pilot power levels.
A key insight is that the pilot power that minimizes the MSE does not depend on the number of antennas,
but heavily depends on the path loss between the BS and the mobile terminal.

1.2 Structure of the Dissertation

Due to the complexity of MU-MIMO systems and the inherent trade-offs associated with CSI acquisition
and data reception, different system configurations are appropriate in specific deployment scenarios.
Therefore, in this dissertation, I consider a wide range of system configurations, as specified in Table
1.1.
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Table 1.1 System Configuration and Main Results of Chapters 3-7

Chapter Basic System |Receiver  Struc-|Antenna Correla-| Comment Main Results
Setup ture tion
Chapter 3 single user naive receiver uncorrelated LS channel estima- | Theorem 3.1
antennas tion, single pilot
symbol
Chapter 4 multiuser naive and true|uncorrelated LS channel estima-|Theorem  4.3.3,
MMSE antennas tion, pilot sequence | Theorem 4.5.1
Chapter 5 single user naive receiver correlated anten-|LS and MMSE|Theorem 5.5.1
nas channel estimation,
pilot sequence
Chapter 6 single user naive receiver uncorrelated LS and MMSE|Theorem 6.5.1,
antennas channel estimation, | Theorem 6.5.2
comb and block
type pilot symbol
arrangements
Chapter 7 multiuser naive and true|correlated anten-|LS and MMSE|Theorem 7.5.1,
MMSE nas channel estimation |Propositions 7.5.2
and 7.5.3

Chapter 2 considers a simplified system as compared with real MU-MIMO systems deployed in
practice. Despite this simplification in terms of both channel estimation and data reception, the abstract
model of Chapter 2 and the derived results on the MSE of the received data symbols provide valuable
insights, and serve as a starting point for the more realistic system models developed in the subsequent
chapters. The main result of this chapter is a closed form expression for the MSE in a single user SIMO
system in the case of uncorrelated antennas.

Chapter 3 considers a system, in which multiple users share the same time-frequency resource and
facilitate CSI acquisition at the BS by transmitting orthogonal pilot sequences in the code domain. The
main result of this chapter is the derivation of the receiver that minimizes the MSE of the uplink received
data symbols in the presence of MU-MIMO interference and CSI errors at the receiver. As I will point
out, the literature uses the terminology of MMSE receiver for receivers that, in fact, do not minimize
the MSE unless perfect CSI is available at the receiver. To distinguish the true MMSE receiver from
the receiver that requires perfect CSI, in this dissertation I use the terms naive receivers and MMSE
receivers, where the latter refers to the receiver that does not require perfect CSI to minimize the MSE,
as it is detailed in Chapter 3.

Chapter 4 relaxes the assumption on uncorrelated antennas, and thereby it aims at analyzing a
significantly more realistic model than that of the preceding chapters. However, allowing for arbitrary
antenna correlation structures by taking into account antenna spacing and AoA conditions of antenna
arrays used in practice makes the analysis more involved. The main result of this chapter is the closed
form derivation of the MSE taking into account antenna correlation.

Chapter 5 assumes perfectly uncorrelated antennas, but allows for comb and block type pilot ar-
rangements. The results of this chapter include closed form formulas for the MSE of the received data
symbols, and approximate closed form formulas for the spectral efficiency of the system. The results of
this chapter are important for selecting the best channel estimation scheme and pilot symbol pattern in
systems using moderate or large number of antennas.

Finally, Chapter 6 develops a model that can capture the characteristics of MU-MIMO systems in
which antenna correlation cannot be ignored and uses the MMSE receiver. This chapter generalizes
the results of Chapter 3 by allowing for correlated antennas. It also proves a result that was first
conjectured, based on numerical experiments in Chapter 3. This result states that the optimal pilot power
that minimizes the MSE is independent of the number of receive antennas when the system uses the
true MMSE receiver. This result is an important difference as compared with the naive receiver, whose
optimal pilot power is sensitive to the number of antennas, and have to be reconfigured when increasing
the number of antennas at deployed BSs.
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Chapter 2
Background

2.1 The Evolution of Multi-Antenna Systems: From Single User to Massive
Multi-user Multiple Input Multiple Output Systems

Conventional communication systems equipped with a a single transmit antenna and a single receive
antenna are called Single Input Single Output (SISO) communication systems (Figure 2.1, upper left).
This intuitively clear terminology explicitly refers to a signal model that involves the convolution of the
complex impulse response of the wireless channel (typically represented as a random variable &) and
the single input x to model the single output y:

y=hxx+n, (2.1)

where n is complex baseband additive white Gaussian noise. The above equation is for a single
realization of the complex single output y.

The value of multiple antenna systems as a means to improve communications, including improving
the overall system capacity and transmission reliability, was recognized in the early ages of wireless
communications. Specifically, adaptive transmit or receive beamforming by means of employing multiple
antennas either at the transmitter or the receiver roots back to classic papers that appeared in the 1960s and
1970s [17, 18, 19]. In particular, Widrow et al. described the Least Mean Square (LMS) adaptive antenna
array, which is a technique to adaptively determine the weights that are derived from the received signal
to minimize the MSE between the received signal and a reference (pilot) signal [17, 19]. Applebaum
proposed a multiple antenna array structure that adaptively suppresses sidelobe energy when the desired
signal’s AoA is known, such as in a radar system.

Starting from the 1980’s, there has been a renewed and increased interest in employing multiple
antenna techniques in commercial systems, particularly mobile and cellular systems, where multipath and
unintentional interference from simultaneously served users was the main and increasing concern [20].
However, it was not until the cost of digital signal processing was dramatically reduced and commercial
wireless systems matured in the late 1990s that adaptive beamforming became commercially feasible,
and large scale industrial interest has started to take off.

While traditional SISO systems exploit time- or frequency-domain processing and decoding of
the transmitted and received data, the use of additional antenna elements at the cellular BS or user
equipment (UE) side opens up the extra spatial dimension to signal precoding and detection. Depending
on the availability of multiple antennas at the transmitter and the receiver, such techniques are classified
as SIMO, multiple input single output (MISO) or MIMO (Figure 2.1, upper middle and upper right).
Specifically, space-time and space-frequency processing methods in SIMO, MISO and MIMO systems
make use of the spatial dimension with the aim of improving the link’s performance in terms of error
rate, data rate or spectral and energy efficiency [19].

In the context of cellular networks, for example, in the scenario of a multi-antenna enabled BS
communicating with a single antenna UE, the UL and DL are referred to as SIMO and MISO respectively.
When a multi-antenna terminal is involved, a full MIMO link may be obtained, although the term MIMO
is sometimes also used in a collective sense including SIMO and MISO as special cases.

A MIMO system, in which the transmitter and receiver are equipped with M and N antennas
respectively, is conveniently characterized by the multi-dimensional version of (2.1) as follows:



dc_1513 18

6 2 Background
Single Cell SISO Single Cell SIMO and MISO Single Cell MIMO
Multi-Cell MU MIMO Network/Cooperative
i MU MIMO
Single Cell MU MIMO / R %I
/ o mterferenc {I
\ ~~o s ERELER -;\-\“ cooperatlon TY:I
& \ Y E
d N

Fig. 2.1 The evolution of multiple antenna systems from single cell single input single output transmissions to cooperative
network multiple input multiple output transmissions.

y= H x + n ecNV (2.2)
NxM Mx1 Nx1

where x and y represent the complex M and N dimensional input and output vectors of the MIMO
system respectively.

While a point-to-point multiple-antenna link between a BS and a UE is referred to as SU-MIMO,
MU-MIMO features several UEs communicating simultaneously using the same frequency- and time-
domain resources (Figure 2.1, lower left). By extension, considering a multi-cell system, neighboring
BSs sharing their antennas and forming a virtual MIMO system to communicate with the same set of UEs
in different cells are called cooperative multi-point (CoMP) or network MIMO transmission/reception
(Figure 2.1, lower middle and lower right).

Multiple antenna techniques, as illustrated by Figure 2.1 offer (the combinations of) three advantages
over traditional SISO systems:

* Diversity gain: The diversity gain corresponds to the mitigation of the effect of multipath fading,
by means of transmitting and/or receiving over multiple wireless channels created by the multiple
antennas on the transmit and/or receive sides of the communication link.

e Array gain: The array gain corresponds to a spatial version of the well-known matched-filter gain
achieved by time-domain receivers.

 Spatial multiplexing gain: The spatial multiplexing gain refers to the ability to send multiple data
streams in parallel and to separate them on the basis of their spatial signature. The spatial multiplexing
gain is a particularly attractive gain of MIMO systems over SISO systems, because MIMO data
stream multiplexing does not come at the cost of bandwidth expansion and can therefore yield
drastic spectral efficiency gains.

As we shall see, the gains associated with multi-antenna systems strongly depend on the availability
of CSI — the matrix H in (2.2) — at the transmitter and the receiver, which motivated the research and
standardization communities to develop resource efficient techniques that enable the acquisition of CSIT
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and CSIR. Due to their great impact on the achievable gains, these acquisition techniques form an
important part of MIMO systems, as discussed in more detail in the next section.

Due to the advances in digital signal processing, antenna theory and the commercial success of
MIMO, and in particular, MU-MIMO systems, the research community has been investigating the
characteristics of large scale antenna systems, in which the cellular BS is equipped with a great number
of antennas. Indeed, evolving wireless standards are expected to support the deployment of several tens
or even hundreds of transmit and receive antennas at infrastructure nodes and over ten transmit and
receive antennas at commercial UEs. It is worth noting that in the asymptotic regime of such large scale
or massive MIMO systems, it turns out that the lack of accurate CSI is the main cause of performance
saturation, besides hardware impairments. Therefore, scalable and resource efficient CSI acquisition
techniques have been and continues to be in the focus of the MIMO community ever since the large
commercial deployments of such systems have started.

2.2 Channel State Information Acquisition and Transceiver Design: Major
Challenges in Multiple Input Multiple Output Systems

As noted, the spectral and energy-efficient operation of wireless systems in general, and multiple antenna
systems in particular, relies on the acquisition of accurate CSIT and CSIR [21]. The main reasons for this
are that (1) transmitters of modern wireless systems adapt the transmitted signal characteristics to the
prevailing channel conditions and (2) the effect of the channel on the transmitted signal must be estimated
in order to recover the transmitted information. As long as the receiver accurately estimates how the
channel modifies the transmitted signal, it can recover the signal from the impacts of the wireless channel.
In practice, pilot signal-based data-aided techniques are used not only due to their superior performance
in fast fading environments, but also due to their cost efficiency and inter-operability in commercial
systems. Consequently, channel estimation methods have been studied extensively and a large number of
schemes, including blind, data-aided, and decision-directed non-blind techniques, have been evaluated
and proposed in the literature [22, 23, 24].

As the number of antennas at the BS and the simultaneously served users grows large, it is desirable
to have pilot based schemes that are scalable in terms of the required pilot symbols and provide high
quality CSI for UL data detection and DL precoding. To this end, MU-MIMO systems employing a
large number of antennas typically rely on channel reciprocity and employ uplink pilots to acquire
CSI at BSs. Although solutions for non-reciprocal systems (such as systems operating in frequency
division duplex (FDD) mode) are available [25], it is generally assumed that massive MIMO systems
can advantageously operate in time division duplex (TDD) mode exploiting channel reciprocity [26, 27].

Pilot reuse generally causes contamination of the channel estimates, which is known as PC or pilot
pollution. As there are a large number of channels to be estimated in MU-MIMO and massive MIMO
systems, accurate CSI acquisition scaling with the number of BS antennas becomes a significant challenge
due to the potentially limited number of pilots available. Indeed, PC limits the performance gains of
non-cooperative MU-MIMO systems [26, 28]. Specifically, PC is known to cause a saturation effect
in the signal-to-interference-plus-noise ratio (SINR) as the number of BS antennas increases to a very
large value. This is in contrast to the PC exempt scenario where the SINR increases almost linearly
with the number of antennas [28]. It is therefore clear that the trade-offs associated with the resources
used for pilot signals and those reserved for data transmission is a key design aspect of modern wireless
communication systems.
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Fig. 2.2 Trade-offs associated with channel estimation, reference (pilot) signal design in MU-MIMO systems

2.3 Fundamental Trade-Offs in the Design of Multi-user Multiple Input Multiple
Output Systems

Although pilot-based CSI acquisition is advantageous in fast fading environments, its inherent trade-offs
must be taken into account when designing channel estimation techniques for various purposes. These
purposes include demodulation, precoding or beamforming, spatial multiplexing and other channel-
dependent algorithms such as frequency selective scheduling or adaptive modulation and coding scheme
(MCS) selection [29, 30, 15]. The inherent trade-offs between allocating resources to pilot and data
symbols include the following, as illustrated in Figure 2.2:

¢ Increasing the power, time, or frequency resources to pilot signals improves the quality of the channel
estimate, but leaves fewer resources for uplink or downlink data transmission [29, 30, 15].

 Constructing long pilot sequences (for example, employing orthogonal symbol sequences such as
those based on the well-known Zadoff-Chu sequences in Long Term Evolution (LTE) systems) helps
to avoid tight pilot reuse in multi-cell systems), helps to reduce or avoid inter-cell pilot interference.
This is because long pilot sequences enable to construct a great number of orthogonal sequences
and, consequently, help avoid pilot reuse in neighbor cells, and thereby address the root cause of
PC. On the other hand, spending a greater number of symbols on pilots increases the pilot overhead
and might violate the coherence bandwidth [15, 16].

 Specifically in MU-MIMO systems, increasing the number of orthogonal pilot sequences may
increase the number of spatially multiplexed users at the expense of spending more symbols when
creating the orthogonal sequences [29, 30].

In particular, increasing the pilot power increases the SNR of the received pilot signal, and thereby
improves the quality of channel estimation in terms of the MSE of the channel estimate [31]. Unfortu-
nately, increasing the pilot power may also lead to the SNR degradation of the data signals, and may
exacerbate the PC problem in multi-cell scenarios [32]. In addition to these inherent trade-offs, the
arrangement of the pilot symbols in the time, frequency, and spatial domains have been shown to have
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a significant impact on the performance of MU-MIMO and massive MIMO systems in practice, see for
example [29, 30, 33].
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Chapter 3
The Pilot-to-Data Power Ratio in Single User Systems

3.1 Introduction

In this chapter I consider a single input multiple output SIMO system in which the Mobile Station (MS)
balances its PDPR, while the BS uses LS channel estimation to initialize a linear MMSE equalizer. The
objective of this chapter is to derive a closed form for the MSE of the equalized data symbols. To obtain
engineering insight into the inherent pilot-data trade-off as the number of antennas increases at the BS,
my objective is to derive an MSE formula that includes not only the pilot and data transmit power levels
as independent variables, but also the number of receive antennas at the base station (N,.). This formula
allows me to study the impact of N, on the MSE and thereby on the PDPR that minimizes the MSE. To
the best of my knowledge the MSE formula as well as the insights obtained in the numerical section of
this chapter are novel.

3.2 System Model

I consider the uplink transmission of a SIMO single cell multi-user wireless system, in which users
are scheduled on orthogonal frequency channels. It is assumed that each mobile station (MS) employs
an orthogonal pilot sequence, so that no interference between pilots is present in the system. This
is a common assumption in massive multi-user MIMO systems in which a single MS may have a
single antenna [26]. Since the channel is quasi-static frequency-flat within each transmission block, it
is equivalent to model the whole pilot sequence as a single symbol per resource block with power P?,
while each data symbol is transmitted with power P. The BS estimates the channel h (column vector
of dimension N,, where N, is the number of receive antennas at the BS) by employing LS channel
estimators to initialize linear MMSE equalizers.

3.2.1 Channel Estimation Model

Each MS transmits an orthogonal pilot symbol x; that is received by the BS. Thus, the column vector of
the received pilot signal at the BS from the j* MS is:

v = JPPahyx; +n, 3.1

where it is assumed that h; is a circular symmetric complex normal distributed vector with mean vector
0 and covariance matrix C; (of size N, ), denoted as h; ~ CN (0,C;), a; accounts for the propagation
loss, n” ~ CN (0,02 I) is the contribution from additive Gaussian noise and the pilot symbol is scaled as
| x; |> = 1,Vj. Since I assume orthogonal pilot sequences, the channel estimation process can be assumed
independent for each MS, and I can therefore drop the index j. With a LS channel estimator, the BS
estimates the channel based on (3.1) assuming

yp

h= ,
PPax

11
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that is: »
h=h+—2 . |xP=1. (3.2)
PPax

It then follows that the estimated channel b is distributed as follows:
h~CN(0,R), (3.3)

withRéE{ﬁﬁH}=C+‘r—ZI.

PP ?
Further, it follows that the channel estimation error w £ h —h is also normally distributed with a
covariance inversely proportional to the employed pilot power:

2

w~CN(@0,Cy); Cy= W Iy,.

Equations (3.2)-(3.3) imply that h and h are jointly circular symmetric complex Gaussian (multivariate
normal) distributed random variables [34], [35]. Specifically, recall from [34] that the covariance matrix
of the joint probability density function (PDF) is composed by autocovariance matrices Cnn, Cy  and
Cross covariance matrices Ch,ﬁ’ Cﬁ,h as

and R = C+C,,.

3.2.2 Determining the Conditional Channel Distribution

From the joint PDF of h and h I can compute the following conditional distributions.

Result 3.2.1 Given a random channel realization h, the estimated channel h conditioned to h can be
shown to be distributed as

(h | h) ~h+CN(0,Cy). (3.4)

Result 3.2.2 The distribution of the channel realization h conditioned to the estimate his normally
distributed as follows:

(h|h) ~Dh+CN(0.Q). (3.5)
where D = CR™! and Q = C—CR"!C.

The proofs of these results are provided in the Appendix of this chapter.
To capture the tradeoff between the pilot and data power, I need to calculate the mean square error of
the equalized data symbols. To this end, let us consider an equalization model in the next subsection.

3.2.3 Equalizer Model based on the Least Square Channel Estimator

The N, dimensional data signal received by the BS is

y:a\/F hx +n, (3.6)
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where | x|> = 1.1 assume that the BS employs a naive MMSE equalizer, where the estimated channel (3.2)
is taken as if it was the actual channel:

G = aVP h" (?PhRY + 521y, )7, (3.7)
Under this assumption, I state the following result as a first step towards determining the MSE.
Result 3.2.3 Let MSE(h,h) = Exn {IGy —x|2} be the MSE for the equalized symbols, given the real-
izations of h and h. It is
MSE(h,h) = o?PGhh” G - 2aVPRe[Gh] + 7> GGH +1. (3.8)

The proof is presented in the Appendix. From this, my next result follows directly.
Result 3.2.4 Let MSE(h) = Ehlﬁ {MSE(h, ﬁ)} be the MSE for the equalized symbols, given the estimated
channel realization h. It satisfies

MSE(h) = G(a? P(DRAD" + Q) + o1y, )G —20VPRe(GDh} + 1. (3.9)

The proof is presented in the Appendix of the chapter.

3.3 Determining the Unconditional Mean Squared Error

Based on the conditional MSE expression of the preceding section, I am now interested in deriving the
unconditional expectation of the MSE. To this end, the following two lemmas turn out to be useful.

Lemma 3.1. Given a channel estimate instance h, the MMSE weighting matrix G, as a function of the
number of receive antennas at the base station (N, ) can be expressed as follows

NPy

___ovP (3.10)
|lh||2a2P + o2

where |[? = b7 h = YN 72

The proof is presented in the Appendix.
Using this simple expression of G I can further simplify the conditional expectation of the MSE of
the MMSE equalized data symbols.

Lemma 3.2. When assuming independent channel distributions with identical variances, that is the
channel covariance matrix is diagonal in the form of C = ol, where o € R*, then the covariance matrices

D, QareD=dI, Q=qlwithd=p(o+ Pir,—iz)_l, q = o(1—4d) and (3.9) simplifies to

2||h||2da? P . lh||2e?P

MSE(h) = 1 - — >
|h||2a2P + 02 (||]'i||202p+0-2)

[IBIPd*a* P+ ga? P+ 7). (3.11)

The proof is presented in the Appendix of this chapter. After these preparations I can state the main
theorem about the MSE.

Theorem 3.1. The expected value of the mean square error of the equalized symbols is
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E{MSE} = d*N, (Q(a, 1+N)+prG(1+ N, 1+ N,) - 1) +
b
+ |G (@ND) +prG (N Ny = 1) =2d- (prG(Np. 1+ N,) + 1

where p = a’P, a = o2, and

N 1 a a

G(x.y) £ —evm xEn(y.— ).
pr pr

and Ei;,(n,z) = flw e~ [t dt is a standard exponential integral function which is commonly available
in numerical programming environments (e.g., it is called ExplntegralE in Mathematica).

The proof is provided in the Appendix of the chapter.
It is important to note that ¢ and d carry the dependency on the pilot power P” and p carries the
dependency on the data power P in |E {MSE}.

3.4 Numerical Results

250
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| l;q_ --::'-_-:'_ -
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Data

Fig. 3.1 Contour plot of the MSE achieved by specific pilot and data power settings of a SIMO system with N, =2
receiver antennas. The diagonal line indicates the feasible region of a mobile station of a sum power level of 250 mW.

In this section I consider a single cell SIMO system and concentrate on the performance of a single
mobile station (MS) scheduled on a flat fading frequency channel. Unless stated otherwise, I assume
that the MS has a power budget of 24 dBm that needs to be shared between the pilot and data symbols,
as described in Section 3.2.
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Fig. 3.2 Contour plot of the MSE achieved by specific pilot and data power settings of a SIMO system with 100 receiver
antennas. The diagonal line indicates the feasible region of a mobile station of a sum power level of 250 mW.

Figure 3.1-3.2 are contour plots of the MSE of the equalized symbols as a function of the employed
pilot and data transmit power levels when the number of receive antennas is N, =2 and N, = 100
respectively. These figures indicate the pilot-data transmit power level pairs that maintain a given MSE.
For example, in Figure 3.1 we can see that the lowest MSE value that is feasible with a 250 mW power
budget is 0.5. In contrast, Figure 3.2 shows that when N, = 100, the same power budget can maintain an
MSE less than 0.1. From this figure it is also clear that the ’knee’ of the MSE curves is shifted toward
much lower data power levels, which intuitively suggests a shift in the optimal PDPR. For example, the
optimal MSE with 250 mW power budget is attained at around PP = 145, P = 105 on Figure 3.1 and
around PP =215, P = 35 on Figure 3.2.

Figure 3.3 shows the impact of increasing the number of antennas at the base station from 2 to 100 in
terms of the MSE performance as the function of the pilot and data transmit power. On the lower plane
(N, = 100), the pilot power minimizing the MSE is shifted towards a higher value compared with the
N, =2 case (indicated with a circle) when I assume a power budget of 250 mW.

These results are reinforced by Figure 3.4 that shows the MSE as a function of the allocated pilot
power under varying power budget (200mW, 225 mW and 250 mW) and assuming different number
of receive antennas (N, =2, N, =20 and N, = 100). Here we can clearly see the tendency that as the
number of the antennas grows large, the MS needs to allocate a smaller share of the total budget to data
transmission and can ’afford’ a larger share of the budget for pilot transmission. This basic insight is in
line with the classical observation by Marzetta predicting a diminishing data transmit power required for
maintaining an SNR target [26].

Figure 3.5 shows the MSE as a function of the data power and the path loss for two antenna
configurations (N, =2 and N, = 100). We can observe that the data power level that minimizes the MSE
is not only dependent on N,., but also on the path loss. Specifically, for larger path loss (cell edge) users,
more data power (i.e. less pilot power) minimizes the MSE than for cell center users. However, this effect
becomes less pronounced as the number of antennas increases.
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Fig. 3.3 The MSE of a SIMO system of 2 and 100 antennas. The circle indicates the optimal pilot and data power setting
for the 2 antenna system with a sum power constraint of 250 mW.

3.5 Concluding Remarks

The main contribution of this chapter is the derivation of the MSE as the function of the employed
pilot and data power levels as well as the number of receive antennas in SIMO systems. The numerical
results provide two key insights. First, as the number of antennas at the base station increases, the MSE
is minimized when a larger portion of the total transmit power budget is allocated for pilot transmission.
This result is in line with the results from massive MIMO systems that suggest that the required transmit
energy per bit vanishes as the number of antennas grows large. Secondly, as the path loss between the
MS transmitting the pilot and base station increases, a smaller portion of the power budget needs to
be spent on the pilot power. This second effect becomes less pronounced as the number of antennas
at the base station increases. My summary is therefore that the PDPR that minimizes the MSE of the
equalized symbols heavily depends on both the number of antennas and the MS position within the cell.
An important future work is to investigate multicell systems, in which greater pilot power does not only
imply lower available power for data transmission, but also a higher level of pilot contamination [26].
Therefore, these conclusions from the single cell analysis need to be reexamined in multicell systems.
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Fig. 3.4 The MSE as a function of the pilot power of a SIMO system with N, = 2,20, 100 antennas respectively, for 3
different sum power constraints (200 mW, 225 mW and 250 mW). As the number of antennas increases, the optimal pilot
power increases.

Appendix of Chapter 3

Proof of Result 3.2.1

Proof. To prove the result I apply (10.24)-(10.28) of [34], but in contrast with [34], (3.4) and (3.5), in
this proof I explicitly distinguish between the condition, hg, and the unconditional random vector, h.
According to [34] the conditional distribution of h|hy is complex normal with the following properties:

E(hlhg) = E(h) + Cy, Cyly (ho— E(h) ) =hy.
0 c ¢! 0

Came = Cih— Cf,,hCIIj,Cm; =R-C=Cy;

Proof of Result 3.2.2

Proof. Similarly to the proof of Result 3.2.1, h|hy is complex normal distributed with the following
mean and covariance [34]

E(h|hy) = E(h) + Ch’ﬁclilﬁ (ho — E(h)) = CR 'hy;

Chiho = Cn— Chﬁcil};CRh =C-CR'C.
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1.0

70

PathLoss

200 ¥ 40

Fig. 3.5 The MSE as a function of the data power and the distance dependent path loss of a sum power constrained (250
mW) SIMO system with N,- =2 and N, = 100 antennas. For N,. = 2, as the path loss increases, the data power level that
minimizes the MSE increases. However, this effect is not visible for N,- = 100.

Proof of Result 3.2.3

Proof. Having y = aVPhx +n the mean square error of the equalized symbols, given a specific set of
realizations h and h can be calculated as:

MSE (h.h) = B, o {IGy - xI*} =1Ex,n{|(Ga\/Fh—1)x+ Gn |2}. (3.12)
a b

Using |a +b|? = (a+b)(a® + bH) = aa™ + ab™ + a™ b+ bb™ 1 further have
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MSE (h.h) = E,n {((GeVPh - 1)x)((GaVPh-1)x)" | +
+Exn {((GaVPh-1)x) (G0} + B, {Gn((GaVPh- 1)) | +
+Eyn {Gn(Gn)"'} =
= (GaVPh- 1) E, o {xx"}(GaVPh- 1)+

— e
1
+(GaVPh— 1) E, o{x} E, o{n"}G" +
———
0
+GE, n{n} B, o{x}(GaVPh- 1)+
—
0
+GE,nlmn"}G" == |Gha VP 1| +02GG".
| S—

o2l

Finally
MSE (b,f) =|Gha VP - 1| + 2GG" =
= (GhaVP-1)- (GhaVP- 1) + ->GGH =
= (GhaVP-1)- (W GHaVP-1)+c>GG =
= a?PGhh” G¥ - Gha VP -h"'G"aVP + 1+ *GG =
= o’ PGhh" G - VP(Gh+h"G") + 1+ GG =
= a2PGhh” G¥ — VP 2Re[Gh] + 1 + 02 GG
O
Proof of Result 3.2.4

Proof. I can compute Iy, {MSE (h,ﬁ)} based on the conditional distribution given in (3.5):
(h/h) ~Dh+CN (0,Q).
Recall that for a complex random column vector X:
EXX?) = EX) EX) + Cov(X).

Consequently,
E{h|h} = Dh and E{hh”|h} = Dhh" D" + Q.

The expectation reads as:
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MSE (h) = E, 3 {MSE (h,h)} = (3.13)
=E,; {Ghh" G o?P| -, {20 VPRe[Gh] | +
+0?GGH +1 =

= GEy 3 {hh" | G’ P - 20 VPRe[GE,, 5 (h} ] +
+0°GGH +1 =
= G(Dhh DY + Q)G o>P - 2aVPRe[GDh| +
+0°GGH + 1=
=G (o?P(DRA"D" +Q) + oT) G -
—2aVPRe[GDR] +1.
I now focus on the first term of the above and make use of the following. From (3.5) I know that:
(h|h) ~ CN (Dh,Q).

Then:
(hh|h) ~ CN (DhAT DY +Q, Copr [5)-

With this, the first term of (3.13) becomes:
G (o’ P(DRA"D" +Q) +o°T) G = G(azP(DﬁﬁHDH + Q))GH.
Now focusing on the second term of (3.13):

~2aVPRe[GDA] = -2 VPE, , {Re(Gh} |{h} |
= -2aVPRe {GE(h|h)} = ~2aVPRe {GDA} . (3.14)

Putting the first and second term together, the right hand side of (3.13) finally takes the following form:

MSE (h) = G(a2P<Df1ﬁHDH + Q))GH —~2aVPRe|GDA| + GG +1. (3.15)

Proof of Lemma 3.1

Proof. From (3.7) I have
G(azPﬁﬁH + 021) — oVPhY (3.16)

whose solution for G is (3.10). To show this, I substitute (3.10) into the left hand side of (3.16) and
obtain
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P ~ ~n

__aV¥P hH(azPhhH +021) -

|[h||2a2P+02
P Arra oA P ~

VP apprpp Y opmy

|[h||2a2P+02 m’ ||h||2a2P+02

P( Aa2P||h||2 B o? ﬁH) _

[|h|2a2P+02 [|h||2a2P+02

aVPh! |

which is indeed the right hand side of (3.16). According to the matrix inversion lemma for matrices A,
B, C, D of size n X n, n Xm, mx m, mX n, respectively, [ have

(A+BCD)"' =A"'-A"'B(DA"'B+C"') DA™

Substituting A = LB = a/\/I_Jﬁ, C=1,D= a\/FﬁH, I have

o 1 1 . a1 ~ N\ a1
(c’1+o?PhR")™ = —1- —IaVPh- - (ax/ﬁhH—zla\/ﬁm 1) aVPRY 1=
g o o o

2pAA
1 < hh”
__I_ o
_0-2 (XZPAHI\ ’
5 +1

where h*h = ||h||2. Finally,
aVP 4y a\/ﬁ“;—fﬁHﬁ,\H
s - — ———h
LR +1

_a PﬁH(l_ a?P||h|? ):a Pﬁ,_,( o? ):
o? 2 a?P|h|2 + 02

G = aVPh (?PhRT + o°1)7! = -

o

@2 P|h||2 + o2
aVP [

a?P|[h|2 + 02

o

Proof of Lemma 3.2

Proof. To simplify the notation I introduce z such that
= ﬁ hH = hH
IIh||2a2P + o2

Substituting this into (3.9) and using D = d1, Q = ¢I yields (since d € R*):
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MSE (h) = zb" [o? P (dThh" d1+ g1) + 01| zh - 2aVPRe {zh" dlIh | + 1 =
= zh" [o? P (d”hR" + gI) + 01| zh — 20 VPRe {zah" R} + 1 =
= 2 Pd*RThh P R+ 22> Pghth + 220 *hPh - 22 VPRe {zd||ﬁ||2} +1=
= 22*Pd? ||| |h)? + Z2a? Pqllh))? + 2o h))> - 2aVPzd|R|? + 1 =
= 22|If||? (e Pd?|IR|)* + o*Pg + 0?) - 2aVPzd|lR|* +1,

which is equivalent with (3.11). O

Proof of Theorem 3.1

Proof. To shorten the notation I introduce Y = ||ﬁ||2, p= @?*Pand b = qp+ 0% and rewrite (3.11) with
these notations.

pY 2 pY pY

MSE(h) = &> +b -2d
() p (02+pY)2 (024 pY)? o2 +pY

+1. (3.17)

Next, I observe that MSE(h) depends on h only through lh||? and ||h||*. Since his a complex normal
random vector (3.3) with covariance matrix R=rIandr = o+ P‘f,—;, it follows that Y = ||lA1||2 follows the
Gamma(N,, 1/r) distribution (the sum of N, independent r.v. which are exponentially distributed with
parameter 1/r) with probability density function:

r—Nr er—le—x/r

fY()C) = W x> 0. (3.18)

I will make use of the following integrals:

Nr(—pr+el;lr (a+(1 +Nr)pr)E,-n<1 +Nr,1%))

o _—N, .Ny—1_-x/r 2
f r~Vrx e . px 2dx: i . G19)
x=0 (N, - D! (Cl"‘Px) pr
0 =Ny Ny=1,=x/r px —pr+eﬂ%(a+Nrpr)Ein(Nr,l%)
f ' 2dx= 2,2 ’ (3.20)
x=0 (N, - D! (a"'Px) pr
and
© p=Nr xNr=1p=x/r px a a
. dx=er" N, Ej,|1+N,,—), 3.21
fx:o BroDr Gy e N (1N D) G2

where E;,,(n,z) = flw e~%/t" dt is a standard exponential integral function.
Theorem 3.1 follows from averaging (3.17) according to the density function (3.18) and using (3.19)-
(3.21):
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E{MSE} = & fw px’ fr(x)d +bfoo PX__ r(x)d
= ——— fr(x)dx —— fr(x)dx—
P ) o @epo2?” weo (a+p02’”
—2df PY_ f(0)dx+1=
x:0a+px
=d2p-Nr(ePar(a+(1+Nr)pr)~Em(1+Nr,i)—pr)%+
pr p°r

a a —1
+b- (epr <a+Nrpr) 'Ein(Nrs ;) —pr)per_

~2d- (eparNrEin(l +N,, 3)) +1=

pr
= derpir(erf‘raE,-n(l +N,,pir) +e77 (1+N,)prE(1 +N,,]%) —pr)+
-i—bszr2 (ei’araEin (Nr, %) +eﬂ%NrprE,~,, (Nr, 1%) —pr)—

~2d- (ez?'rN,Ei,,(l +N,,i)) +1=
pr

=d*N, (g(a, 1+N,)+prG(1+N,, 1 +N,) - 1) +
+ pﬁr(g(a,Nr) +prG (N, N;) — 1) -2d - (prg(Nr’ 1 +Nr)) +1;
where

A 1 a
G(xy) = —el”xEm(y, —).
pr pr

23
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Chapter 4

The Minimum Mean Squared Error Receiver in the
Presence of Channel Estimation Errors

4.1 Introduction

As discussed, in MU-MIMO systems, the fundamental trade-off between spending resources CSI acqui-
sition and data transmission is known to affect the performance in terms of spectral and energy efficiency
[16], [36]. Therefore, balancing the pilot-to-data power ratio (PDPR) [29] and determining the number
of pilot and data symbols are important aspects of designing MU-MIMO systems [15], [37], [38]. From
a different perspective, a related work combined a transmitter employing a linear dispersion code (LDC)
and a linear MMSE detector at the receiver [39]. It has been found that optimizing the average normal-
ized MSE is relevant for detectors employing a linear front end and helps designing optimal transmit
strategies. In this chapter I build on the results on SU-MIMO systems in Chapter 2 and consider the
uplink of a MU-MIMO system employing an MMSE receiver for data reception [40]. Similarly to the
receiver studied in the previous chapter, the MU-MIMO MMSE receiver is initialized by the estimates
of the CSI rather than assuming the availability of perfect CSI. Thus, the contribution of this chapter to
the existing literature is two-fold:

1. Iderive the actual MMSE receiver that, — in contrast to the classical or naive formula [41] — minimizes
the MSE of the estimated uplink data symbols in the presence of PDPR dependent estimation errors.

2. Secondly, I derive a closed form exact expression for the MSE, as a function of not only the PDPR
but also the number of antennas. This exact formula allows me to arrive at the key insight that
employing the actual MMSE gives large gains as the number of antennas grows large.

4.2 System and Channel Estimation Model

In this chapter I consider the uplink of a MU-MIMO system, in which the MS transmit orthogonal pilot
sequences s = [sl, - sT,,]T € C™*!, in which each pilot symbol is scaled as |s;|*> = 1, for i = 1,.., 7.
The pilot sequences are constructed such that they remain orthogonal as long as the number of spatially
multiplexed users is maximum 7,,. Specifically, without loss of generality, it is assumed that the number
MU-MIMO users is K < 7,,. In practice, K < N,, where N, is the number of antennas at the BS.

In this chapter I assume a comb type arrangement of the pilot symbols [42]. Given F subcarriers
in the coherence bandwidth, a fraction of 7, subcarriers are allocated to the pilot and Fy; = F -7,
subcarriers are allocated to the data symbols. Each MS transmits at a constant power P;,;, however,
the transmission power can be distributed unequally in each subcarrier. In particular, considering a
transmitted power P, for each pilot symbol and P for each data symbol transmission, the sum constraint
of 7,P, + (F —1,)P = P;,; is enforced. Thus, the N, X 7, matrix of the received pilot signal from a
specific MS at the BS can be conveniently written as:

Y” = a/P,hs” +N, 4.1)

where it is assumed thath € C™r*! is a circular symmetric complex normal distributed column vector
with mean vector 0 and covariance matrix C (of size N,.), denoted as h ~ CN (0,C), a accounts for the

25



dc_1513 18

26 4 The Minimum Mean Squared Error Receiver in the Presence of Channel Estimation Errors

propagation loss, N € CV~*™ is the spatially and temporally additive white Gaussian noise (AWGN)
with element-wise variance 0'[2,, where the index p refers to the noise power on the received pilot signal.

In this chapter I assume that the BS uses the popular least square (LS) estimator that relies on
correlating the received signal with the known pilot sequence. Note that my methodology to determine
the MSE of the received data is not confined to the LS estimator, but is directly applicable to an MMSE
or other channel estimation techniques as well. For each MS, the BS utilizes pilot sequence orthogonality
and estimates the channel based on (4.1) assuming:

n 1
h=h+w=——Y"s"(s"s*)"' =h+

1
— — Ns",
aw/Pp a+Pp1p >

T
] e C7»*! denotes the vector of pilot symbols and (s”s*) = 7,. By considering

(4.2)

*

* __ *
where s* = [sl,...,sTp

h~CN (0,C), it follows that the estimated channel h is a circular symmetric complex normal distributed
vector h ~ CN (0,R), with

R E(RhRY) = C+ L1y, . 4.3)
aP,1,

As it was shown in [42], the distribution of the channel realization h conditioned on the estimate his
normally distributed as follows:

(h|h) ~Dh+CN(0.Q). (4.4)
where D = CR™' and Q £ C-CR"!C.

4.2.1 Perfect Channel Estimation

With perfect channel estimation:

(h|h) ~Dh+CN(0,Q), 45)
where D 2 CR™! =1y, and Q 2 C-CR™!C =0y, .
That is:
G* =GM™, G = GMI*G,
where

o\PRH

Gna’l’ve — Gna'l've (ﬁ) — ~
a?P||h||? + 02

Note that the squared error is:
Gy - xf?

4.3 The Linear Minimum Mean Squared Error Receiver

4.3.1 Received Data Signal Model

The MU-MIMO received data signal at the BS can be written as:
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K
y = ahPoxy+ E arhp/Prxy +ng, (4.6)
N—————
Us k#Kk
S€r-K

Other users
where ay - hy is the M X 1 vector channel including large and small scale fading between User-k and the

BS (@ and hy, respectively), xi is the transmitted data symbol by User-k and ng emphasizes the noise
on the received data signal.

4.3.2 Employing a Minimum Mean Squared Error Receiver at the Base Station

In this chapter the BS employs an MMSE receiver G, € C*Nr to estimate the data symbol transmitted by
User-«. Recall that the MMSE receiver aims at minimizing the mean-square error between the estimate
G,y and the transmitted symbol x,:

Gy 2 argmin }(MSE) = argngn]E{le—x,(lz}. 4.7

When the BS employs a naive receiver, the estimated channel is taken as if it was the actual channel:
GY = q,/PhH (2P R HE + 02D (4.8)

As we shall see, this receiver does not minimize the MSE.

4.3.3 Determining the Actual Minimum Mean Squared Error Receiver Matrix

This section is concerned with determining the MMSE receiver matrix Gy that the BS should use to
demodulate the received data signal such that the data estimation error for User-« is minimized taking
explicitly account that the BS has access only to the estimated channels h,, as opposed to the naive
receiver that minimizes the MSE only when perfect channel estimation is assumed. To this end, I consider
the MSE of the estimated data symbols of the tagged User-«: obtained from the signal model of (4.6)
using a receiver vector Gy :

MSE (G, hy,....hg) = By n, {Gey — x(1%) =
K 2
= Ex,nd (Gkakhk\/P_K_ 1)xk + Z Gka'khk Vkak + Gknd =

k#x

K
2
2
+ )" PiTyn,|Geakhx+
k#k

+Eyn, 1Gengl?, (4.9)

= Ex,nd |(Gkakhk\/P_K_ )x,

where I utilized that IE{x;} = 0 and E{n,} = 0.
Additionally, utilizing E{xkx]’;} =1 and E{ngn”

") = 021y, , T have:



dc_1513 18

28 4 The Minimum Mean Squared Error Receiver in the Presence of Channel Estimation Errors

MSE (G, hy,...,hg) =
, X
|GeachePe =1+ )" PilGeakhyl® + 035G, GE, (4.10)
k#k
from which my first result follows.
Result 4.3.1 When the BS uses the receiver vector Gy, the MSE of the received data symbols of the
tagged user k assuming perfect channel state information at the base station is:
MSE (G, hy) =
En,,...he_,hesr,...hg AIMSE (G, hy, .. hg)} =
@2PGhhf GH — a, /P (Geh + W GH) + 1+

K
+Za,§PkGKCkG5 +02G,GH. A.11)
k#k

Multi-User Interference
Although this result is useful, I need an expression for the MSE as a function of h, rather than h.

Result 4.3.2 The MSE of the received data symbols of the tagged user k as a function of the estimated
channel at the BS is:

MSE (G,.h,) =,  MSE(G,.h,) =
PG, (D h7D M +Q,)GH
— P (G Dh +RED T GH) + 1+
K
Z @2 PG, Cy G +52G,GH. 4.12)

k#k
Using these results, I am in the position of deriving the optimal MU-MIMO receiver vector for User-«:

Theorem 4.3.3 The optimal G} can be derived as:
G: = aK\/P_KﬁKHDKH :
K -1
.(O&PK (DA AID, A +Q,) + Zai PiCr + agl) . (4.13)
k+#K

The proof is in the Appendix of the present chapter.

4.4 Determining the Mean Squared Error of the Received Data Symbols with
Optimal G*

In the case of proper antenna spacing, the channel covariance matrices can be modeled as C, = ¢,I,
which for k = « implies D, = d,I, Q, = g,I. In this case, the MSE as a function of the estimated channel
can be obtained as follows.

Lemma 4.4.1 In the case of uncorrelated antennas at the BS, when the BS employs the optimal receiver
G}, the mean square error of the received data symbols can be expressed as:
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N ho[12
MSE (fiy) = —20y/Pegudil Bil|” + 1+

K
8- (aipkdinﬁkn“ + (aiPKqK A aﬁ) | |ﬁK||2)
k#k

where

ak\/P_de

A K .
2P (2D + g ) + £, a2 Peci + )

1>

gx (4.14)
I can now derive the unconditional MSE from MSE = Eﬁk MSE (ﬁk) based on the distribution of ﬁk
which I recall from (4.3) as b, ~ CN (0, RK).

4.5 Calculating the Unconditional Mean Squared Error

To calculate the unconditional MSE, notice that the MSE(ﬁK) depends on ﬁK only through ||ﬁK| 2. Thus,
I can conveniently introduce Y, = ||h,| |2, substitute 8« into (4.14) and, by inspecting (4.14), introduce
the following notations:

T £ g (0 Pedill||*) = s ————, (4.15)
K( AR ) K(bK+sKYK)2

where I introduced the notation s, £ d2p, p« % a2P, 02 23X, alPecc+ 02 and ¥, 2 [lh,|]* and

be % qepi + 02, Similarly:

K

21 .2 2 2 ho(12

T £ gk<aKPKqK+ZakPkck+crd)||hk|| =
k#k

et (4.16)
(b + SKYK)Z

T3 = 2da, VPK”ﬁK”z'gK =
d/%pkyk _ s Ye
O-I%+pk (df%YK"'q:() by + s, Yy

4.17)

I can now prove the following proposition, which will serve as the basis for numerical evaluations.

Theorem 4.5.1 The unconditional MSE of the received data symbols of User-k when the BS uses the
optimal G} receiver is as follows.



dc_1513 18

30 4 The Minimum Mean Squared Error Receiver in the Presence of Channel Estimation Errors
MSE =
by
N,(— ser+ €57 (be+ (14 Np)ser) Ein(1+ Ny b—))
Sk +
“ 27
e b
—sir +e57 (by + Npser)Ein (Nr, SK—Kr)
+ by 55 -
Syl
b by
—2-ewN,Ein(1+Nr,—)+l, (4.18)
Skt

where E;,,(n,z) £ flw e % /t" dt is a standard exponential integral function.

The proof is in the Appendix of this chapter.

4.6 Numerical Results and Concluding Remarks

Table 4.1 System Parameters

[Parameter | Value

Number of antennas N, =2,4,8,10, 20,50, 100, 500
Path Loss of tagged User-« a = 40,45,50 dB

Number of pilot and data symbols T, =1 7q=11

Power budget T Pp +7q P = Py =250 mW.

In this section I consider a single cell single user MIMO system, in which the mobile terminal is
equipped with a single transmit antenna, whereas the BS employs N, receive antennas. Note that the
performance characteristics of the proposed MMSE receiver as compared with the naive receiver are
similar in the multi-user MIMO case from the perspective of the tagged user, since the proposed receiver
treats the multi-user interference as noise according to (4.13). The key input parameters to this system
that are necessary to obtain numerical results using the MSE derivation in this chapter (ultimately relying
on Theorem 4.5.1) are listed in Table 4.1.

Figure 4.1 compares the performance of the system in which the number of antennas at the BS grows
large (N, = 500). As expected, given a fix sum power budget of 7, P, + 74P = Py, =250 mW, the optimal
pilot-data power allocation becomes non trivial as it depends on the number of antennas, path loss and
the employed receiver structure. The minimum value of the MSE in all cases are marked with a dot,
which clearly indicate that the achievable minimum MSE with this power budget is significantly lower
when employing the MMSE receiver.

Figure 4.2 shows the achievable minimum MSE value and the optimal pilot power setting as the
function of the number of antennas at the base station. First, notice that the gain in terms of achievable
minimum MSE increases as the number of antennas increases.

For example, at N, = 500 the gain is around 6 dB. Interestingly, the pilot power setting that minimizes
the MSE does not depend on the number of antennas when using the MMSE receiver, whereas it
increases with the number of antennas in the case of the naive receiver. The intuitive explanation for
this is that in the case of uncorrelated antennas, according to equation (4.3), the diagonal elements of
the covariance of the CSI error does not depend on the number of antennas, although the size of the
matrix does. Thus, the pilot-data ration when using the MMSE receiver does not depend on the number
of antennas, as opposed to the naive receiver case, which does not minimize the MSE. The formal proof
of this phenomenon will be presented in Chapter 7.
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Na|ve receiver 1 i
=10z R Ry e e, oo ol e

N, —500

® ® ® Minimum value

0 50 100 150 200
Pilot[mWw]

Fig. 4.1 MSE as the function of the pilot power P, assuming a fixed pilot+data power budget with N,- = 20 and N,- = 500
number of antennas when using the naive receiver and the MMSE receiver.

Appendix of Chapter 4

Appendix I: Proof of Result 4.3.1

From (4.10) it follows, that focusing on the tagged User-«:

MSE (Gks hK) = ]Ehl,...,h,(,l,h,ﬁl,...,l‘ll(MSE (Gkshla .. ,hK) =

2
|Geach P 1]+ )" a} P, Gl 2 + 3G G (4.19)
k,k#«x

Recognizing that [42]:
2
|GKhKa\/P - 1| = a’PG,hh G — aVP(Gh, +hP G + 1,

and Ep, |Gchi|? = G Ep, b |*GH = G, C G, the result follows.

Appendix II: Proof of Result 4.3.2

Utilizing (h, | h,) ~ D f, +CN (0.Q, ). where D, = C,R, ™" . R, = C, + CY and Q, = C,, —C,R, ' C,
and, by averaging over h,|h,, and following the technique proposed in [42], the result follows.
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|
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Fig. 4.2 The achievable minimum MSE and the optimum pilot power as the function of the number of the base station
antennas when employing the naive receiver and the MMSE receiver. The dots in the figure correspond to the case of
N, =20 and N, =500 antennas.

Appendix II1: Proof of Theorem 4.3.3

To derive the optimal G, I rewrite MSE (GK, ﬁK) in quadratic form of (xAxH —xB - BHxH 1+ 1):

MSE (G,.h) =~ G, ayPDh—a,/PAIDIG! +1+
X B
K
+G, <a,%PK (DAAID, +Q,) + Z @2 P Cy + (Tfil) GH (4.20)
k#x
A

Based on this quadratic form, the optimal receiver (x* = BY A1) is as in (4.13).
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Appendix IV: Proof of Lemma 4.4.1

If Cy = ¢ I implying D, = d,I, Q. = ¢,I and the optimal G} can be written as:

* _ a’K\/P_KdK l’iH
© 2P (d2IBI1P + ql) + B @2 Prci + 0
£ g.-hY. (4.21)

Substituting G into the MSE of Result 4.3.2 gives the lemma.

Appendix V: Proof of Theorem 4.5.1

Recognizing that ¥, is Gamma distributed, the density function of ¥, V« is given by (dropping the index
k for convenience):

r_NV er —le—x/r

frx) = N Dl x> 0. (4.22)

Theorem (4.5.1) follows from Lemma (4.4.1) taking the average of MSE (ﬁk) using the the following
integrals:

f T fy, (x)dx =
x=0
Nr(—s,(r+efkkr(b,( +(1 +Nr)skr)El~n(l +N,, %))
Sk . : 4.23)
SEr
o —sKr+eSbTKr(bK+Nrs,<r)Em(Nr,Sli—“r)
[IRSEETS - : (424)
x=0 Nr2a
i K b
f Ts fy, (x)dx = 2- €5 Ny Egn (14 Ny, 25). (4.25)
x=0 Skl

where E;, (n,z) = floo e *' /1" dt is a standard exponential integral function.
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Chapter 5

The Impact of Antenna Correlation on the Pilot-to-Data
Power Ratio

5.1 Introduction

The preceding chapters investigated the optimal PDPR in the case of uncorrelated antennas giving rise to
a diagonal covariance matrix. An isolated cell without modeling antenna correlation was also considered
in [31, 42], while the multi-cell case was studied in [43], where it was found that the so called distributed
iterative channel inversion (DICI) algorithm originally proposed by [44] can be advantageously extended
taking into account the pilot-data power trade off. However, none of the aforementioned works captures
the impact of antenna correlation on the performance of SIMO systems.

In this chapter, I turn my attention to a SIMO system in which the MS balances its PDPR, while the
base station uses LS or MMSE channel estimation to initialize a linear MMSE equalizer. The specific
contributions of this chapter to the line of related works are the derivations of a closed form for the
MSE of the equalized data symbols for arbitrary correlation structure between the antennas by allowing
any covariance matrix of the uplink channel. Similarly to the preceding chapter, this more general form
is powerful, because it considers not only the pilot and data transmit power levels and the number of
receive antennas at the base station (N,) as independent variables, but it also explicitly takes into account
antenna spacing and the statistics of the AoAs, including the angular spread as a parameter. For example,
this methodology enables me to study the impact of the PDPR on the UL performance for the popular
3GPP spatial channel model (SCM) often used to model the wireless channels in cellular systems. The
closed form formula takes into account the impact of N,, AoA and angular spread on the MSE and
thereby on the PDPR that minimizes the MSE. To the best of my knowledge the analytical result as well
as the insights obtained in the numerical section of this chapter are novel.

The system model is defined in Section 5.2. In this section, for the sake of completeness and
readability, I restate and reuse some results of [42]. Next, Section 5.3 describes the channel estimation
models for least square and minimum mean square error channel estimators. Section 5.4 is concerned
with deriving the conditional mean square error of the uplink equalized data symbols using either of the
channel estimation techniques and assuming MMSE equalization. Based on the results of this section,
the unconditional MSE with arbitrary channel covariance matrix is determined in Section 5.5. Numerical
results are studied in Section 5.6. Section 5.7 concludes this chapter.

5.2 System Model

I consider the uplink transmission of a multi-antenna single cell wireless system, in which users are
scheduled on orthogonal frequency channels. It is assumed that each mobile station (MS) employs an
orthogonal pilot sequence, so that no interference between pilots is present in the system. This is a
common assumption in massive MU-MIMO systems in which a single MS may have a single antenna.
The BS estimates the channel h (column vector of dimension N,, where N, is the number of receive
antennas at the BS) by either LS or MMSE channel estimators to initialize an MMSE equalizer for
uplink data reception. Since I assume orthogonal pilot sequences, the channel estimation process can
be assumed independent for each MS. I consider a time-frequency resource of 7 time slots in the
channel coherence time, and F subcarriers in the coherence bandwidth, with a total number of symbols

35
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T, +74 = F - T, where I denote by 7, the number of symbols allocated to pilot, and by 74 the number
of data symbols allocated to data (7, + 74 = 7). Moreover, I consider a transmission power level P, and
P for each pilot and data symbol, respectively. With this setup, I consider two pilot symbol allocation
methods, namely block type and comb type, which will be discussed in the following subsections.

5.2.1 Block Type Pilot Allocation

The block type pilot arrangement consists of allocating one or more time slots for pilot transmission,
by using all subcarriers in those time slots. This approach is a suitable strategy for slow time-varying
channels. Given T slots, a fraction of T), slots are allocated to the pilot and T; = T —T), slots are allocated
to the data symbols. Note that a maximum transmission power P;,, is allowed in each time slot, among
all F subcarriers. This power constraint is then identical for both the pilot (P,) and data power (P), i.e.,

FP, <P FP< P (5.1)

The power cannot be traded between pilot and data, but the energy budget can be distributed by tuning
the number of time slots 7}, and Ty, i.e., 7, = FT,, and 74 = F1y.

5.2.2 Comb Type Pilot Allocation

In the comb type pilot arrangement a certain number of subcarriers are allocated to pilot symbols,
continuously in time. This approach is a suitable strategy for non-frequency selective channels. Given
F subcarriers in the coherence bandwidth, a fraction of F,, subcarriers are allocated to the pilot and
F4 = F — F}, subcarriers are allocated to the data symbols.

Each MS transmits at a constant power P;,,;, however, the transmission power can be distributed
unequally in each subcarrier. In particular, considering a transmitted power P, for each pilot symbol and
P for each data symbol transmission, the following constraint is enforced:

%”PP + %dp =Pror (5.2)
The total number of symbols for pilot is 7, = TF), and for data is 74 = TF,. However, with comb type
pilot arrangement, the trade off between pilot and data signals includes the trade-offs between the number
of frequency channels and between the transmit power levels, which is an additional degree of freedom
compared with the block type arrangement. With fixed (given or standardized) 7, and 74 the engineering
freedom includes the tuning of the P, and P power levels, which is the topic of the present chapter.

5.3 Channel Estimation

Let us consider a MS that transmits an orthogonal pilot sequence s = [s1, ..., sTp]T, where each symbol

is scaled as |sl~|2 =1,fori=1,..,,7,. Thus, the N, X 7, matrix of the received pilot signal at the BS from
the MS is

Y? = a,/P,hs” +N, (5.3)
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where I assume that h is a circular symmetric complex normal distributed vector with mean vector 0
and covariance matrix C (of size N,), denoted as h ~ CN (0,C), a accounts for the propagation loss,
N € CN"*7» is the spatially and temporally additive white Gaussian noise (AWGN) with element-wise
variance o2

In this chapter, I consider two techniques, i.e., the LS and the MMSE channel estimation that are
detailed in the following subsections.

5.3.1 Least Square Estimation

Conventional LS estimation relies on correlating the received signal with the known pilot sequence. The
BS estimates the channel based on (5.3) assuming

1
YPs*(sTs*)"! =h+ ———Nss
a\/Pp a+/P,7,

* _ Tp . Tp oxo . T Y 2
Note that Ns* = l.:lsin,,l,...,zi:lsinl,Nr , then Ns* ~ CN (0, 7,01y, ).

By considering h ~ CN (0,C), it follows that the estimated channel ﬁLS is a circular symmetric
complex normal distributed vector hy s ~ CN (0,Rys), with

hrs=h+hyg= . (5.4)

2
A N o
Rys =E{hyshi}=C+ Iy, . (5.5)

2
aP,7,

The channel estimation error is defined as flLS =h- flLS, so that flLS ~CN(0,W,s) with

and the estimation mean square error (MSE) is derived as

N, o2

= E{|lhzg||>} = 0{W,g) = ,
ELS {lIhpsllz} =tr{Wrs} pey

(5.6)

where || - II% is the Frobenius norm.

5.3.2 Minimum Mean Squared Error Estimation

In this case I find it convenient to define a training matrix § = s® Iy, (of size 7, N, X N,), so that
SHS = 7,1y, . The 7, N, X 1 vector of received signal (5.3) can be conveniently rewritten as

Y7 = a\/P,Sh+N. (5.7)
where Y7, N € CpNrX1,

The MMSE equalizer aims at minimizing the MSE between the estimate h MMSE = HY? and the channel
h. More precisely,
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H =arg min (| [HY” —h||2}
=a\/P7,, (01y, +a?P,CSS)ICSH; H e CNXoNr
The MMSE estimate is then expressed as
hvvise = d\/P_p(O'le,. +a?P,t,C)"lCsH (a\/P—pSh +N)
o? - 1 H<
= (—a2Pp‘rp In, + C) C(h+ —“\/ETP S N). (5.8)

Notice that SYN ~ CN 0,7, o1 N, ), therefore the estimated channel ﬁMMSE is also a circular symmetric
complex normal distributed vector hymse ~ CN (0, Ryvisg), that is

hyvivise = h + hyuisg, (5.9
and
o? -
Ruwmise = C? ( 5 Iy, + C) , (5.10)
a*P,7)p

where I considered C = C¥ and applied the commutativity of C and Iy, to substitute

o? ! o? -l
( IN,_+C) c:c( IN,_+C) .

2 2
a’P,T), a‘Pp7),

The channel estimation error is hyvsg = h — hyvisg so that hyvse ~ CN (0, Wymse) with

-1

aZP,,T,,
Wumse = C IN, + —2C
o

and the estimation MSE simply follows as

(ZZPpr B
emmsg = trq C IN,+TC . (5.11)

Notice that for both the LS and MMSE channel estimations, the estimation MSE is a monotonically
decreasing function of the pilot energy per antenna P, 7,,. The quantity P, 7, can be regarded as the total
pilot power (energy) budget, that - assuming a fixed 7, - can be tuned by tuning P,.

5.4 Determining the Conditional Mean Square Error

5.4.1 A Key Observation

Equations (5.4) and (5.9) imply that h and h are jointly circular symmetric complex Gaussian (multivari-
ate normal) distributed random variables [34], [35] . Specifically, recall from [34] that the covariance
matrix of the joint PDF is composed by autocovariance matrices Cp,n, Cy, j; and cross covariance matrices
Chio Cip as



dc_1513 18

5.4 Determining the Conditional Mean Square Error 39
Cﬁ,h Cﬁﬁ CR
and

R= R;s  for LS estimation,
| Rmuse for MMSE estimation.

5.4.2 Determining the Conditional Channel Distribution

From the joint PDF of h and h I can compute the following conditional distributions.

Result 5.4.1 Given a random channel realization h, the estimated channel h conditioned to h can be
shown to be distributed as

(h|h) ~h+CN(O,R-C). (5.12)

Result 5.4.2 The distribution of the channel realization h conditioned to the estimate his normally
distributed as follows:

(h|h) ~Dh+CN(0,Q), (5.13)

where D = CR™! and Q = C-CR"!C.

Both of these results can be easily verified by exploiting the basic characteristics of multivariate Gaussian
random variables [34]. To capture the tradeoff between the pilot and data power, I need to calculate the
mean square error of the equalized data symbols. To this end, I consider an equalization model in the
next subsection.

5.4.3 Equalizer Model Based on Least Square or Minimum Mean Squared Error
Channel Estimation

The data signal received by the BS is
y = aVPhx+n, (5.14)

where |x|? = 1. T assume that the BS employs a naive MMSE equalizer, where the estimated channel
(either hy g or hypvsg) is taken as if it was the actual channel:

G = aVPhY (o> PRRY + 52T) 7. (5.15)

Under this assumption, recall the following result from [31] as a first step towards determining the
unconditional MSE.

Result 5.4.3 Let MSE(h,h) = Exn {IGy - xlz} be the MSE for the equalized symbols, given the realiza-
tions of h and h. Ir is

MSE(h,h) = o> PGhh"' GH -
—2aVPRe[Gh] + 02 GG +1. (5.16)

From this, my next result follows directly.
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Result 5.4.4 Let MSE(h) = Ep i {MSE(h,ﬁ)} be the MSE for each equalized data symbol, given the
estimated channel realization h. It satisfies (see also [45]):
MSE(h) = G(o? P(DRR" D + Q) + 1) G" -
~2aVPRe{GDhA} +1. (5.17)

5.5 Derivation of the Unconditional Mean Squared Error

Based on the conditional MSE expression of the preceding section, I am now interested in deriving the
unconditional expectation of the MSE. To this end, the following two lemmas turn out to be useful.

Lemma 5.1. Given a channel estimate instance h, the MMSE weighting matrix G, as a function of the
number of receive antennas at the base station (N, ) can be expressed as follows

VP ~
- 9VT pH (5.18)
||h||2a2P + 02

where |[h|> =h"h =3 ;>

The proof of the lemma is straightforward based on Chapter 3 of this dissertation [31]. Using z =
aVP
MMSE equalized data symbols as a function of the channel covariance, C.

and this simple expression of G I can express the conditional expectation of the MSE of the

Lemma 5.2.
MSE(h) = 22*P A" DR D" h + 720 P b Qh + z20*h " h - 2zaVPRe{h" Dh} + 1.

where 7 = is a function of I|h2.

——avt
Ihl2a2P+o2
The proof is in the Appendix.

5.5.1 Computing z

Computing z in Lemma 5.2 is essential in calculating the unconditional MSE. This can be done using
the following lemma.

Lemma 5.3.
z= 1 .fm e—x(ﬁ”ﬁ+0'2/(nzP))dx
a\/ﬁ x=0
and
1 ® RH R
22 = . xe—x(h”hﬂrz/(azP))dx.
' CIZP x=0

The proof is in the appendix of this chapter.
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5.5.2 Singular Value Decomposition

To take the expectation with respect to h of the terms of MSE(h) as in Lemma 5.2, I introduce
the following decomposition. h is CA(0,R) distributed with R = C + P‘T—;z I and recall from Result
r

5.4.2 that D = CR™!. Let C = @S0 be the singular value decomposition of C. Then R = @/ Sg0,
D = ©7Sp@ and Q = S0 with Sg = Sc + 225 I, Sp = ScSg!, and Sq = Sc - ScSg'Sc where
P
matrices S, are real non-negative diagonal matrices. Specifically, I will refer to the diagonal elements

of Sp and Sy using the notations dy = Spy and ry = Sgryx, respectively. Let v = @h, then v is a random
vector with distribution CN (0, Sg), since

Ew?) = E(@hh" 0") = OEhh"7)e" =
= QRO = OOTSREO =Sy .

That is, the elements of v are independent, but they have different variances.
5.5.3 Terms of the MSE = Ey, {MSE(h)}

To compute Eg {MSE(ﬁ)} based on Lemma 5.2, I need to calculate the following terms (77, 7> and 73):

E; {MSE(h)} =a” P I {<? h” DRA D} +

ATy

+ {Zz hH (a/ZPQ+ 0-21) ﬁ} +

A7,

-2aVP B {z Re(h” Dh}} +1.

ATy

With Lemmas 5.1, 5.2 and 5.3 in my hands, I can state the main result on calculating the terms 77, 7>
and T53.

Theorem 5.5.1 The mean square error (MSE) of the uplink received data with arbitrary correlation
matrix C of the uplink channel can be calculated as in the sum of the terms T1, T> and T; plus 1, where

T = Z Z didyg

k Ct+k

(o]
20 1 1 r;
f xe X0/ @P) || L dx+
=0 X+ry x+re xX+r;

i

o 2502 2 ri
+ dzf xe X0 /(@ P) | | L dx;
Zkl K Jeo (x+rg)? X+r;

i

] 0 — Lz 1 ri
Th=—— E my xe Tarp | | L dx:
a’P T x=0 X+rk X+r;

and
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T3 =2 de f e_x
X x=0

where Sy = azPSQ +0lisa diagonal matrix with
qk = SQpy-

2 1 ri
a’pP l—l ! dx,
X+rg X+r;

4

diagonal elements my, = Sy = @*Pgy + 02, where

The proof of Theorem 5.5.1 is in the Appendix of this chapter.

5.6 Numerical Results

5.6.1 Channel Model and Covariance Matrix

Table 5.1 System Parameters

[Parameter

| Value

Number of antennas

N, =2,4,8,10,20

Path Loss a =50,55,60 dB

Power budget 7, Pp +74P = P;,; mW, as in Eq. (5.2).
Antenna spacing D/A=0.15,...,1.5

Mean Angle of Arrival (AoA) 6=170°

Angular spread 205 =5,...,45°

In this section I consider a single cell system, in which MSs use orthogonal pilots to facilitate the
estimation of the uplink channel by the BS. Recall from Section 5.3 that the channel estimation process
is independent for each MS and I can therefore focus on a single user. The covariance matrix C of the
channel h as the function of the antenna spacing, mean angle of arrival and angular spread is modeled as
by the well known spatial channel model, which is known to be accurate in non-line-of-sight environment
with rich scattering and all antenna elements identically polarized, see [46]. For uniformly distributed
angle of arrivals, the (m,n) element of the covariance matrix C are given by

1 (%

_ ej-27r~%(n7m) cos(é+x)dx
20a J -,

Cm,n

where the system parameters are given in Table 5.1. The covariance matrix C becomes practically
diagonal as the antenna spacing and the angular spread grows beyond DA > 1 and 6 > 30°. In contrast,
with critically spaced antennas DA = 0.5 and 65 < 10°, the antenna correlation in terms of the oft-
diagonal elements of C can be considered strong. A validation of the proposed channel model with data
from a realistic channel simulator was included in [45].

5.6.2 Numerical Results

Recall that the MSE of the received data symbols according to Theorem 5.5.1 depends on the pilot
through the product 7, P, (which I call the pilot budget) and the data power P for each transmitted data
symbol. Figures 5.1 and 5.2 compare the MSE that can be achieved by a particular setting of the pilot and
data power levels in the case of uncorrelated and highly correlated antennas (for the case with N, =20
receive antennas). The impact of high antenna correlation is that in order to reach the same MSE, a
higher power level for both the pilot and data transmission must be used.
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Fig. 5.1 Contour plot of the MSE achieved by specific pilot and data power settings of a SIMO system with N, =20
uncorrelated receiver antennas at a fix path loss position of 50 dB. For example an MSE value less than 0.03 can be reached
by setting the pilot power budget to 7, P,, > 70 mW and the data power P > 60 mW, or by P, > 200 mW and P > 20
mW. We can see that with a total power budget of 250 mW, and with proper pilot-data balancing, a minimum MSE that is
clearly less than 0.03 can be reached.

Figures 5.3 and 5.4 compare the MSE that can be achieved by a particular setting of the data power
levels in the case of uncorrelated and highly correlated antennas (for the case with N, = 20 receive
antennas) at different path loss positions. Although the impact of high antenna correlation is clearly
high, the proper setting of the pilot-to-data-power ratio has a more pronounced effect.

5.7 Conclusions

This chapter developed a model of a single cell system, in which MSs use orthogonal pilots to facilitate
uplink channel estimation by the BS. I developed a methodology to calculate the MSE of the uplink
equalized data symbols and derived a closed form for the MSE as a function of not only the number
of antennas, the pilot power and the data transmit power, but also the path loss and other parameters
that determine the covariance matrix of the fast fading channel between the MS and the BS. With this
methodology, through numerical examples, I found that although the impact of antenna correlation on
the MSE performance can be significant, this impact can be compensated by setting the correct pilot-
to-data power ratio (PDPR) in case of a total power budget. Furthermore, I found that as the number of
antennas grows, a higher ratio of the power budget should be spent on pilots, virtually independently
of the antenna correlation. This can be seen in line with the findings of massive MIMO systems that
suggest that the data transmit power at the MS can be significantly lower as the number of antennas at
the BS grows large.
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Fig. 5.2 Contour plot of the MSE achieved by specific pilot and data power settings of a SIMO system with N, =20
correlated receiver antennas at a fix path loss position of 50 dB. Compared with Figure 5.1, we can see that with similar
sum power budget, the MSE value that can be reached is somewhat higher. For example, with a power budget of 250 mW,
an MSE value that is less than 0.08 can be realized (7, P, = 150 mW and P = 100 mW).

Appendix of Chapter 5

Proof of Lemma 5.2

MSE(h) = z b (o P(DRA D" +Q) + o)z h—
—2aVPRe{z h"Dh} +1 =
= 22?P A" DALY D7 h + 2202 P WY Qh+
+ 220 b h—2za VPRe(h" Dh} +1.

Proof or Lemma 1

According to the matrix inversion lemma for matrices A, B, C, D of size nxn, nxXm, mxXm, mXn,
respectively, I have

(A+BCD)"! =
A" -A"'B(DAB+C") DA™
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Fig. 5.3 Contour plot of the MSE as the function of the data power and the path loss
under a total power (250 mW) constraint with N, = 20 uncorrelated antennas. For example, with the near optimal
data power setting and MSE value of 0.14 can be reached at 58 dB path loss.

Substituting A = 021, B = @VPh, C = 1, D = aVPh* I have
2 2 pR i HA -1 1 1 N
(0’ 1+a*Phh*) ™ = —1- —TaVPh
o (oa
1 o\ 1
: (a\/I_JhH—ZIax/I_Jh+ 1) VPR =1 =
g o

1 L [pH
o @LfHf
where h”h = ||h||2. Finally,

G = aVPhY (o> PRRY + o2T) !

_aVP., @ P‘ﬁ—fﬁHﬁﬁH
o? 2L IRz +1
_ PﬁH(l_ o*P|h|” )

a?P|h|]? + 02
)
a?P| k|2 + o2
_ﬂﬁH
a?Plh|2+0?

g2

g2
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Fig. 5.4 Contour plot of the MSE as the function of the data power and the path loss

under a total power (250 mW) constraint with N, = 20 highly correlated antennas. For example, with the near
optimal data power setting and MSE value of 0.14 can be reached at 55 dB path loss.

Proof of Lemma 5.3
First, notice that according to equation 3.326 (2) of [47]:

*© n r +1
[Tamerag T, el
x=0 ny” n

which specifically for n = 1 means:

1 ® xr!
— = f L Vdx.
yr x=0 ()

that is, for y = 1 and y = |[h||? + 02/ (@%P):

aVP 1 1
Z = ~ = ~ =
|h|2e?P+02 VP ||h|?+02/(a?P)
_ 1 _fm e—x(ﬁ”ﬁm-z/(azp))dx
aVPT(1) Jx=0
——

1

and, for y = 2:
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Zz _ atP _
(Ih[2a2P +o2)?

- v .fm vex(BThea? /@ P)) 4
a?PT(2) Jx=o
—
1

Term Ty

Using the singular value decomposition based transformation as in Section 5.5.2 v = ©®h and Lemma
5.3, I can write:

Ty = o’ PE; {z* A DA D" h} =
foo xe—x(ﬁHﬁ+a'2/(azP))dx ﬁHDﬁﬁHDHﬁ} _

(o)
f xe X0Vt @ P)) gy VHSDVVHSDHV} )
X

=T, {f xe—x(ziviﬂviﬂrz/(azP)) dx -
x

(Z v sDkkvk>(Z vi! smw)} -

k 4

o 2,02 H
— xe—xa‘ /(a”P) 'EV e—X(Vi vi)
L L]

(Z V/?SDkak)(Z V?SD[[V[)} dx. (5.19)
k ¢

The expectation in (5.19) can be computed as follows:

Ev{]—le‘xlv" ® dx (Z SDkk|Vk|2)(Z SD£’€|V£’|2)} =

i X 7

= Z SpikSpee
X

C,+k

_ 2 _ 2 _ 12
~Ev{e x|vi | |Vk|Ze x|vel |v[|2 1_[ e~ xvil }+
i,i#k,i#l
—
n—2 terms
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— 2 _ 12
+ZSDik Ey e Myt 1—[6 il =
x

i,izk
—
n—1 terms

2 —x|v|?
SpixSpee Ey, {|Vk| e x il }

k €,t+k
By, {vePe Py T By, e+

i,i#k,i#l

+ZSDkk vk |Vk|4 _X|v” l_[E _X‘VL }

i,ik

where y = |v;|? is exponentially distributed with parameter ; = Sg;;. Consequently:

(o]
—xlv: 2 v — ri
E,, {e X'”"}:f rie” Ve Vdy = ——;
y=0 X+r;

(o)
el 2 T
E,, {Iv,-lze xlvil }=f rie” Yye ™ Vdy = —12,
y=0 (x+r;)

4 ,-xlvi Y my 2 - 2ri
Ev,—{|vi| e xlvil }:Lzorie ryye xydy:(x+;i)3.

Substituting all of these into the expectation and using d; = Sp;;, [ have:

Z Z dide By, {Ivel?e ™ lz}Ew {|V5lze_xlvf|2}.

K €07k
_ 12
E,, {e xfvil }+
i\itk i+l
+Zd By, {velte™ M) ] By, {1} =
i,i#k
=2, 0, dd [ =5+
2 2 .
k {0k (x+rk) (x+re) Lizkize X T

S e ]
ko(x+r)3 x+r;
k i,i+k !

Multiplying and dividing with the missing terms of the products, the expectation in (5.19) can be written

as:
1 ri
2. D, dude [
Xtrg x+re L Lxtr

k {0k
N el P
- kK (x+r)? Jxtr

Substituting this expression for the expectation, I finally get for 7'1:
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o0 2 2 H
T1 :f xe o /(a°P) -k { e—x(vi Vi),
11

i

. (Z vstkkvk>(Z v}f’smv[)} dx =

k 4

2 2 Ik re
dvd f xe o /(a”P) .
Z ke (x+7)? (x+7p)?

0,0k x=0
| | dx+
+r;
i,izk,i#l X

2 2rk ri
+ dzf xe o /(a”P) d
; k Jimo (x+rp)3 il;[]{x+ri
=D, ), dide

k Ct+k

.foo xe_xa_z/(azp) 1 1 1—[ ri dx+

=0 x+re x+re Llx+r;

X [ wertnen 2 [ gy
3 x=0 (x+7r1)? JLxtr

All of these integrals can be computed efficiently, but they do not have nice closed forms.

Term T,

T, = B {z* b (o’ PQ+0?1) h} =

= {z2 b (?PO"S0 + 7’0" ) h} =
= {z* 1" 0" (a’PSq +0’1) Oh} =
=By {? v (a?PSq+071) v} =

=y {2 v¥Suv},

where Sm = @ PSq + 0?1 is a diagonal matrix with diagonal elements Sy;; = @*PSq;; + 0. Substituting

Z:
1 o (yHyy o>
Ih=—=Ey {f xe x(v Hazf’) dvaSMv} =
a-P x=0

1 *© o
= TPEV {f xe (V) T dvaSMv} =
a x=0

—1 Y e —xvHy; H
= x:oxe QZP]EV{ne ; ka Sntxeve b dx. (5.20)

i k

Similarly to the derivation of the expectation expression in 77, the expectation in (5.20) can be written
as:
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E, {l_[ -x(vHv;) ZV]{{SMkak} —

—ZSMkkEvk {Ivic e T By, {1
i+k
Tk i
=3 Suie—— | | -
2 ]
T (x+r1K) e X
1 ri
S [
x+r Ll x+r;
k i
Finally 75 is
(e8] 2
22 1 ri
1_[ L dx.
X+ri

1
T2=T § SMxk xe *are
a’P T x=0 X+ri

Term T;

Ty = 2aVP E; {z Re(h"' Dh} | =
=2aVP E; {z Re(h" ©"SpOh}} =

=2aVP Ey{ z Re{vFSpv} !} = 2aVP ]Ev{zv st}}
——
real

and, for the expectation, the same approach is applicable as above. That is

1 (o]
Ty =2aVP—— E, {f e (v v ZP) dx VHSDV}
a\/F x=0

[e] o2
=2, {f (VI VT gy VHSDV} =
x=0

fas -

co —x -2 - H
=2f e "o’ IE, | |e_x"i vi E Vi SpikVk
X
k

=0 ;

dx =

o 1 ri
=2 a2 Sb
f;zo PZ kkx+rk1_[x+r,

& o? 1 ri
z : -x | |
=2 SDkk e " a?p dx.
T X+7ry X+r;

x=0
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Chapter 6
Block and Comb Type Channel Estimation

6.1 Introduction

Since the seminal work by Hassibi and Hochwald [13], a number of papers investigated the trade-off
between the resources used for CSI acquisition and data transmission. For example, assuming a block
fading reciprocal channel, a finite number of symbols in the time and frequency domains are available for
CSTI acquisition, and uplink as well as DL precoding and data transmission [15], [48]. Also, under a fixed
power budget, pilot symbols reduce the transmitted energy for data symbols, as it has been pointed out in
[29] and [30] where the optimal PDPR is investigated for various pilot patterns and receiver structures.
The results of [30], for example, indicate that the optimal PDPR provides about 2-3 dB gain compared
with equal power for pilot and data symbols. Subsequently, [49] derived a closed form of the optimal
PDPR for MMSE channel estimation and showed that a tight bound lying in the quasi-optimal region
provides a good approximation for the optimal PDPR. More recently, [50] derived a closed form PDPR
that maximizes the capacity bound of MIMO orthogonal frequency division modulation (MIMO-OFDM)
systems and studied the impact of carrier frequency offset (CFO) on maximizing power allocation.

In [16] and [51], equivalence conditions for the achievable spectral efficiency between block-fading
channels and continuous-fading channels are discussed. An approximate closed-form analytical expres-
sion of the spectral efficiency is derived in the hypothesis of MMSE estimation.

In a previous work [31], I investigated the effects of the PDPR on the MSE, assuming a single pilot
and a single data symbol under a fixed sum power budget with least square (LS) channel estimation
at the base station (BS). While [31] provides insight into the trade-off related to PDPR, it does not
consider the trade-off related to the number of symbols used for CSI acquisition and data transmission,
which is critical for the spectral efficiency. Therefore, the purpose of the present chapter is to devise a
methodology to find the optimum number of pilot and data symbols and the optimum PDPR. It turns out
that the constraints for these trade-offs depend on the pilot pattern that is used in the time and frequency
domains. Specifically, the so called block type arrangement dedicates all frequency channels within a
given time slot to either channel estimation or data transmission whereas the comb pilot pattern employs
pilot and data symbols mixed in the frequency domain within a single time slot.

The design of the uplink demodulation reference signals (DMRS) specifically in 3GPP Long Term
Evolution Advanced (LTE-A) systems is described in [52]. In the LTE uplink, DMRS:s are used to
facilitate channel estimation for the coherent demodulation of the physical uplink shared and control
channels. The LTE DMRS:s occupy specific Orthogonal Frequency Division Multiplexing (OFDM)
symbols within the uplink subframe according to the block type arrangement and support a large number
of user equipment utilizing cyclic extensions of the well known Zadoff-Chu sequences [53].

My key contribution in the present chapter is the derivation of a closed form solution for both the
uplink data MSE and spectral efficiency specifically taking into account the constraints of the comb and
block type pilot arrangements. As a major difference with respect to previous works (i.e., [13]-[51],
this closed form result allows me to find the close-to-optimum number of pilot symbols and pilot power
for a generic channel estimation method. In particular, I compare LS and MMSE channel estimation
in block-type and comb-type pilot arrangement, for a BS employing a large number of antennas. This
approach enables me to arrive at some insights that are novel in the massive MIMO literature.

The system model, including the description of the block and comb type pilot patterns, is defined
in Sect. 6.2. Next, Section III, discusses the LS and MMSE channel estimation algorithms specifically
in block or comb systems and, in Section IV, I introduce the the MSE and spectral efficiency for the

51
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equalized uplink data symbols assuming linear MMSE reception. My main analytical results are derived
in Section V. Section VI presents numerical results and Section VII concludes the chapter.

6.2 System Model

I consider the uplink transmission of a multi-antenna single cell wireless system, in which users are
scheduled on orthogonal frequency channels. It is assumed that each mobile station (MS) employs an
orthogonal pilot sequence, so that no interference between pilots is present in the system. This is a
common assumption in massive multi-user MIMO systems in which a single MS may have a single
antenna. The base station (BS) estimates the channel h (column vector of dimension N,., where N, is the
number of receive antennas at the BS) by either LS or MMSE channel estimation to initialize an MMSE
equalizer for uplink data reception. Since I assume orthogonal pilot sequences, the channel estimation
process can be assumed independent for each MS. I consider a time-frequency resource of T time slots
in the channel coherence time, and F subcarriers in the coherence bandwidth, with a total number of
symbols 7 = F'-T. I denote by 7, the number of symbols allocated to pilots, and by 7, the number of
symbols allocated to data (7, + 74 = 7). Moreover, I consider a transmission power level P, and P for
each pilot and data symbol, respectively. With this setup, I consider two pilot symbol allocation methods,
namely block type and comb type, which I discuss in the following subsections.

6.2.1 Block Type Pilot Allocation

The block type pilot arrangement consists of allocating one or more time slots for pilot transmission,
by using all subcarriers in those time slots. This approach is a suitable strategy for slow time-varying
channels. Given T slots, a fraction of T}, slots are allocated to the pilot and 7; = T —T, slots are allocated
to the data symbols. Note that a maximum transmission power P;,, is allowed in each time slot, among
all F subcarriers. This power constraint is then identical for both the pilot (P,) and data power (P), i.e.,

FP, <Py FP< Py 6.1)

The power cannot be traded between pilot and data, but the energy budget can be distributed by tuning
the number of time slots 7), and Ty, i.e., 7, = FT,, and 74 = F1y.

6.2.2 Comb Type Pilot Allocation

In the comb type pilot arrangement a certain number of subcarriers are allocated to pilot symbols,
continuously in time. This approach is a suitable strategy for non-frequency selective channels. Given
F subcarriers in the coherence bandwidth, a fraction of F), subcarriers are allocated to the pilot and
Fy = F - F}, subcarriers are allocated to the data symbols.

Each MS transmits at a constant power P;,;, however, the transmission power can be distributed
unequally in each subcarrier. In particular, let us consider a transmitted power P,, for each pilot symbol
and P for each data symbol transmission; then the following constraint is enforced:

F,P,+(F—F,)P=Py. 6.2)

The total number of symbols for pilots is 7, = TF}, and for data is 7y = TF,;. However, with comb
type pilot arrangement, the trade-off between pilot and data signals includes the trade-offs between the
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number of frequency channels and between the transmit power levels, which is an additional degree of
freedom compared with the block type arrangement.

6.3 Channel Estimation

Let us consider a MS that transmits an orthogonal pilot sequence s = [s1, ..., Sz, 17, where each symbol

is scaled as |s;]> =1, fori=1,.., 7p. Thus, the N, X 7, matrix of the received pilot signal at the BS from
the MS is

Y’ = a, /PphsT +N, (6.3)

where I assume that h is a circular symmetric complex normal distributed vector of r.v. with mean vector
0 and covariance matrix C (of size N,.), denoted as h ~ CN (0,C), « accounts for the propagation loss,
N € CN~7r is the spatially and temporally additive white Gaussian noise (AWGN) with element-wise
variance o2

In this chapter, I consider two techniques, i.e., the least square (LS) and the minimum mean-square

error (MMSE) channel estimation that are detailed in the following subsections.

6.3.1 Least Square Estimation

Conventional LS estimation relies on correlating the received signal with the known pilot sequence. The
BS estimates the channel based on (6.3) assuming

1

A N 1
hyg=h+hg= Y”s*(ss*)"' =h+ ———Ns*. (6.4)
t a+/Pp a+Pp1p
T
Note that Ns* = [ 27, sin1,... 5,7, Sinin, | - then Ns* ~ CN (0,7,01,).

By considering h ~ CN(0,C), it follows that the estimated channel hzg is a circular symmetric
complex normal distributed vector hy g ~ CN (0,Rys), with

o2

Rys = E{ﬁLSﬁgs} =C+

Iy . 6.5
a*Py,1, Nr 6.5

The channel estimation error is defined as h;g = h—hyg, so that hzg ~ CN (0, W) with

0_2

Wis = Iy,

2
aP,1,
and the estimation mean square error (MSE) is derived as

N, o2

) )
a P,1,

ers = E{llhps||7) = tr{Wys) = (6.6)

where || - ||2 is the Frobenius norm.
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6.3.2 Minimum Mean Squared Error Estimation

I define a training matrix S = s® Iy, (of size 7, N, X N,), so that SHS = TpIn, . The 1, N, X 1 vector of
received signal (6.3) can be conveniently rewritten as

L7 = a [P, Sh+N.
where Y7, N e ¢7pNr¥1,

The MMSE equalizer aims at minimizing the MSE between the estimate h MMSE = HY? and the channel
h. More precisely,

H =argm&nIE{||HS~(p ~h||%}
=[P, (o 1y, +a?P,CSHS)7'CS!; He N >rNr,

The MMSE estimate is then expressed as

hyuse = a\[Pp(0”Iy, + o P,1,C) ' CSY (/P,Sh+N)

o2 ! 1
=(——1Iy +C| C[h+ —S"N]. 6.7
(a2Ppr Nr ) ( a~[Ppp ) ©7

Notice that SN ~ CN (0, TPO'ZINV), therefore the estimated channel ﬁM MsEg is also a circular
symmetric complex normal distributed vector BaaseE ~ CN(O,Rps sk ), that is

hy mse =h+hyyse,

and

o2

-1
Ryuse = C? ( In, + C) , (6.8)

2
aP,1,

where I considered C = CH and applied the commutativity of C and Iy, to substitute

o2 - o2 -
Iy, +C| Cc=C Iy +C| .
a@*Pp,1p @*P,T,

The channel estimation error is ﬁMMSE =h- ﬁMMSE so that flMMSE ~CN(0,Wprpsg) with

asz‘r,, -
Wymse =C INr + ) C
(on

and the estimation MSE simply follows as

ozzP,,‘r,, B
emmse =tri C INr+ C . (6.9)

o2

Notice that for both LS and MMSE channel estimation, the estimation MSE is a monotonically
decreasing function of the pilot energy per antenna P, 7.

In the next section, I characterize the receiver and the uplink signal MSE and spectral efficiency based
on h which is computed for LS (ﬁLS) and MMSE estimation (ﬁM MmsE) in this section.
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6.4 Linear Minimum Mean Squared Error Receiver

I consider a MMSE receiver at the BS. For each transmitted data symbol x, the data signal received by
the BS can be written as

y= a\/ﬁhx+n,

where n ~ CN (0, O'ZINr).
Using a linear detection matrix G of size 1 X N, the mean-square error between the estimate Gy and
the transmitted symbol x is (Gy — x). The resulting MSE(h) = Exn{(Gy- x)%} is

MSE(h) =G (> Phh* + o*T)y, GH
—aVP(Gh+h?G) +1. (6.10)

According to [54], the instantaneous signal-to-noise-ratio (SNR) of the MMSE receiver is given by:

1
Y= UsEm

Using this relationship, the achievable spectral efficiency can be expressed as:

S(h) = y ;Tp) [l‘)g (MSE(h) )] '

Recall that the performance of the MMSE receiver depends on the availability of channel state
information (CSI) at the receiver. In the considered scenario, the channel h is not available at the BS.
The BS implements the MMSE receiver by using the estimated channel h as if it was the actual channel,
[31], i.e., the detection matrix, which is a function of h (more precisely, h Ls Or h MmMmsE) is calculated as

R VPhH
G=Ghy= —21" "+
a?P|h||?+ 02

6.11)

(6.12)

In the next section, I derive a closed form analytical expression for the uplink MSE and the spectral
efficiency for both LS and MMSE channel estimation.

6.5 Analytical Derivation of the Spectral Efficiency

In this section, I propose an analytical model to study the performance of the single-cell multiple antenna
system illustrated in the previous section, in order to derive the optimal resource (slot/frequency/power)
allocation for pilot and data. I first introduce a useful lemma and then I derive (6.10) and (6.11)
analytically, by considering the MMSE receiver in (6.12).

6.5.1 Conditional Distribution of the Channel

When implementing the MMSE receiver in (6.12), the expression of the uplink MSE in (6.10) contains
both the actual channel h and the estimated channel h. However, since the square error is averaged over
n, the MSE depends on the conditional distribution (h/h) or, equivalently, (h|h). Therefore, in order to
compute the unconditional MSE analytically, I introduce the following lemma.
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Lemma 6.1. The conditional distribution of the channel given its estimation h is
(h/h) ~ CN (Dh,Q), (6.13)

where
D= CRZg for LS estimation
Iy,  for MMSE estimation

Q= C-CR;XC for LS estimation
" | C=Rymsk for MMSE estimation

with Rps and Ryspse given in (6.5) and (6.7), respectively.

Proof. The proof is reported in the Appendix.

6.5.2 Calculating the Uplink Mean Squared Error

By using Lemma 6.1, the MSE in (6.10) can be conveniently expressed as a function of only the estimated
channel h as

MSE(h) =G () (o” P(DRA D" + Q) + oLy, ) G(h)"
—aVP(G()Dh+h"D*G(h)") + 1. (6.14)

In the special case of independent channel distributions with identical variances (i.e., C = cIy,), I
exploit the following lemma.

Lemma 6.2. Assume C = cly,, where ¢ € R*, then the matrices D and Q are diagonal with D = dly,
and Q = gl and the MSE is given by

P04 (d - D2+ pllh|>(202 - 2do? + b) + o
~ 2
(pIRI12 +02)

MSE(h) = , (6.15)

where p = @*P and b = qp + 0.

Proof. The proof is reported in the appendix.

It is important to notice that (6.15) depends on the channel only though the norms lh||% and |[R]*.

6.5.3 Calculating the Spectral Efficiency

The spectral efficiency expression in (6.11) can be also conveniently rewritten as a function of h, by
using the results from Lemma 6.1 and 6.2. The average spectral efficiency is then

=2 o )
5= E: {1 —||}. 6.16
[ %\ MSE®) .

which leads to the following results.
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Theorem 6.5.1 (Spectral efficiency with LS estimation) Assume C = cly,, where ¢ € R, then the
average spectral efficiency with LS channel estimation and MMSE receiver is

5 .- 07 (26(x0) - G(x1) -G (x2)
Ls==2 (N, —1)!

log(d — 1)2) (6.17)

2
. _ 1| _20%-2do%+b 202-2do2+b \_ 40 _o: 2 _ 2 _
Wlfhxl,z—z( p(d_l)z iJ( p(d—l)2 ) pZ(d_1)2)7-x0_ P )p_a/ P,b—qp"'o' yq—C(l C/}",

2
r=c+—2—

a’Pp7p’
and where
Mesiane b3 [ 01X
G(x) = Mel,]eer (O, 0N, |7 ) , (6.18)
is the Meijer G-function.

Proof. The proof is reported in the Appendix of this chapter.

Theorem 6.5.2 (Spectral efficiency with MMSE estimation) Assume C = cly,, where ¢ € R*, then
the average spectral efficiency with MMSE channel estimation and MMSE receiver is

2§(X3)—§(X4))
(N, —1)!

(t—1p)

Smmse = (log(pb) + (6.19)

2

, 2 2 ;
with x3 = -, x4 = 05, b=qp+ 0% q= #fpﬂp, and G(x) defined in (6.18).

Proof. The proof is reported in the Appendix of this chapter.

Notice that for a fixed pilot energy, the average spectral efficiency decreases with 7,. Intuitively, this
means that for a given pilot energy (7, P,,), this energy should be concentrated to as few time slots as
possible with the maximum allowed pilot power P,,. This is because the estimation MSE in Egs. (6.6)
and (6.9) only depend on the 7, and P, through the product (that is the pilot energy). The hypothesis
of independent and identical channel distributions (i.e., C = cI, ) is necessary to obtain a tractable
analytical expression and it is widely adopted in the related literature (i.e., [16]). Although correlation
among antennas may have an effect on the value of achievable spectral efficiency, the optimal pilot
resource allocation is not expected to change significantly with the antenna correlation.

6.5.4 Summary

In this section, I derived the spectral efficiency for a single cell multi-antenna system with pilot-
based channel estimation that implements a linear MMSE receiver. Moreover, I provided a closed form
analytical expression of the spectral efficiency that makes use of the Meijer G-function, for both LS and
MMSE channel estimation methods.

I started by deriving the conditional distribution (h|h), which allows for computing the uplink MSE
as a function of the norm of the estimated channel ||h||? through Lemma 6.2. By averaging the spectral
efficiency over the distribution of |||, I derived the closed form expression of the spectral efficiency
for LS estimation in Result 6.5.1 and for MMSE estimation in Result 6.5.2.
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! Pilot Time Slots
14

Fig. 6.1 Spectral efficiency (SE) in bps/Hz in log scale of block type channel estimation as a function of the number
of pilot time slots with N,. = 10 and N,- = 1000 antennas at the BS. With block type arrangement and EPA, all F = 12
subcarriers in each of the 7' = 14 time slots are dedicated to either pilot or data transmission with P;,; = 250 mW total
transmit power shared equally in the frequency domain. The T, that maximizes spectral efficiency is clearly different with
LS and MMSE estimations.

Under the constraints (6.1) and (6.2) for symbols and power in the time-frequency domain, this model
reproduces the behavior of the block type and comb type pilot arrangement, respectively, as I will show
in the following section.

6.6 Numerical Results

6.6.1 Equal Power Density for Each Symbol Allocation

Recall that equal power allocation (EPA) implies that all symbols within a slot are transmitted with
P,o: /F transmit power. In this case, the pilot-data resource allocation trade-off consists of the number
of time slots (T, out of T) in the case of block type arrangement or the number of frequency channels
(Fp out of F') in the case of comb type arrangement used for pilot transmission.

Figure 6.1 shows the spectral efficiency in bps/Hz as the function of time slots 7,, when using LS
and MMSE channel estimation with N, = 10 and N, = 1000 BS antennas for a specific value of the
large scale fading (50 dB). As expected, the maximum spectral efficiency that can be reached with
MMSE estimation (3 bps/Hz) is much higher than that of the optimum spectral efficiency value with
LS estimation (1 bps/Hz). Also, the optimum spectral efficiency is reached with different 7), settings:
while with MMSE T}, = 2 maximizes the spectral efficiency, with LS more slots need to be spent on CSI
acquisition (T}, = 5).

Figure 6.2 shows a similar tendency in terms of the necessary frequency channels (subcarriers)
that optimize the spectral efficiency with comb type pilot arrangement. The similar (almost identical)
behavior that can be seen in Figure 6.1 and 6.2 can be explained by noticing that under the assumption
of channel coherence in the time and frequency domains of a resource block of F = 12 frequency
channel and T = 14 time slots, block and comb type arrangements with equal power allocation among
the F'xX T = 168 resource elements result in the same total pilot energy. That is under the coherence
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- Pilot Channels
12

Fig. 6.2 Spectral efficiency (SE) in log scale of comb type channel estimation as a function of the number of pilot channels
in the frequency domain with V,, = 10 and N, = 1000 antennas at the BS. With comb type arrangement and EPA, F,
subcarriers (each with P;,,/F transmit power) are used to transmit pilot symbols in each of the 7' = 14 time slots. The
F, that maximizes spectral efficiency is clearly different with LS and MMSE estimations.

assumption, the roles of the time and frequency domains from the perspective of pilot energy are the
same.

6.6.2 Optimum Power Allocation

When using the comb pilot symbol pattern, it is possible to use F), subcarriers for transmitting pilot
symbols and the remaining F — F}, symbols for data transmission in each time slot. In this case, it is also
possible to use unequal total power for pilot (P,,) and data symbol transmission as long as the sum over
the F symbols in each time slot does not exceed the P;,; power budget. In this case, each of the F}, pilot
subcarriers are transmitted with F},/ P, transmit power and both F,, and P, are design parameters.

Figure 6.3 shows the value of the pilot power P, in mW that maximizes the spectral efficiency when
using the comb arrangement and employing LS (upper) and MMSE (lower) channel estimation as the
number of antennas grows from N, =2 to N, = 1000. With LS, the optimal pilot power grows from
about 40% to around 80% of the P;,, total power budget, whereas with MMSE estimation, the optimal
pilot power remains the same.

Figure 6.4 shows the achieved spectral efficiency as the function of the antennas with LS and MMSE
estimation with equal (EPA) and optimal pilot power allocation. Optimizing the pilot power is clearly
beneficial with both LS and MMSE estimations. With LS estimation, optimizing the pilot power is
particularly important as the number of antennas grows large, but even with MMSE estimation, the
spectral efficiency increases by 20%. Recall that unequal power allocation over the subcarriers in each
time slot requires comb type arrangement, implying that with block type pilot pattern, MMSE estimation
gives large gains over LS estimation when the number of antennas is large.

Figures 6.5 and 6.6 compare the achievable spectral efficiency as the function of the pilot power and
the number of pilot frequency channels with N, = 10 and N, = 1000 receive antennas. With N, = 10, the
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Optimal Pilot Power
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Fig. 6.3 Optimum pilot power in mW as the function of the number of receive antennas at the BS when using LS (upper
curve) or MMSE (lower curve) channel estimation. With LS estimation, the optimum pilot power increases with the number
of antennas, whereas with MMSE estimation, the optimum pilot power is constant (staying at 40% of the total power budget
P;,; in each time slot).

achievable spectral efficiency is similar with LS and MMSE channel estimation, whereas with N, = 1000
antennas, the optimal spectral efficiency is roughly twice as high with MMSE as with LS.

6.7 Conclusions

This chapter considered the trade-off between the time, frequency and power resources allocated to the
transmission of pilot and data symbols and its impact on the MSE and spectral efficiency of the uplink of
a single cell system, in which the number of receive antennas grows large. I made the point that the joint
allocation of frequency, time and power resources is subject to constraints that depend on the specific
pilot pattern, such as the pattern used by the block and comb type pilot arrangements. In this rather
general setting, I provided an analytical method to calculate the MSE and the uplink spectral efficiency
that enabled me to derive exact numerical results when the receiver at the base station employs LS or
MMSE channel estimation and MMSE equalizer for uplink data reception. I found that with a large
number of antennas, exploiting the engineering freedom of tuning both the number of pilot symbols
and the pilot transmit power levels become increasingly important, especially if the relatively simple LS
estimator is used at the base station. Also, the gain of using MMSE estimation (preferably with optimized
pilot power allocation) increases over LS estimation. Interestingly, the optimal PPDR is different when
using MMSE and LS estimators and the gain in terms of spectral efficiency when optimizing both the
number of pilot symbols and the transmit power levels increases as the number of antennas increases.
I believe that the proposed methodology as well as the obtained insights are new and provide useful
guidelines for designing practical large antenna systems.
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Fig. 6.4 The spectral efficiency (SE) as the function of the number of receive antennas at the BS, when employing LS (lower
2 curves) and MMSE (upper 2 curves) channel estimation. In both cases, optimum pilot power allocation is compared with
equal power allocation between pilot and data transmission. With LS estimation, optimum pilot power allocation gives
large gains, whereas with MMSE estimation, this spectral efficiency gain obtained by optimum pilot power allocation is
less, although still significant.

Appendix of Chapter 6

Proof of Lemma 6.1

Given h ~ CN(0,C), and h ~ CN (0,R), from (10.24)—(10.27) of [34], it follows that h[h is a complex
normal distributed random vector with the following mean and covariance

E(h|h) = E(hh?)R™'h,
Cp 3 =C—Eh")R™'E(hn").

For the LS channel estimation model in (6.4), I derive

Eh?) =C+ E(hs'Nf) = C.

1
an/P,7p
For the MMSE channel estimation model in (6.7), I derive

~H o? ! 1 ~H

2 -1 2
- (G_INﬁc) cz:Cz(ff_

-1
Iy, +C| .
a?Pp1p a?Pp1p Nr )

The expressions of D and Q in (6.13) are obtained by substitution.
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Sg0.2

0.0

Pilot Frequency Channels
100

Pilot Power 150

Fig. 6.5 Spectral efficiency with comb pilot arrangement and LS (lower) and MMSE (upper) channel estimation as a
function of the number of frequency channels and the total pilot power (out of the P;,) with N, = 10 receive antennas.
The pilot power that maximizes spectral efficiency is around PI‘,’ P! = 100 mW with both LS and MMSE.

Pilot Power

200 ‘

Fig. 6.6 Spectral efficiency with comb pilot arrangement and LS (lower) and MMSE (upper) channel estimation as a
function of the number of frequency channels and the total pilot power with V,- = 1000 receive antennas. The pilot power
that maximizes spectral efficiency is around P;,’p " =200 mW with LS and 100 mW with MMSE estimation.

Proof of Lemma 6.2

Let us assume C = cl, . In the LS estimation case, from (6.5) I have
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2
o
Rys=|[c+ I
LS ( aszTp) N

and therefore by using Lemma 6.1, D = dly, and Q = gl, , where

o2\ o2\
d:c(c+ ) and q:c—cz(c+ ) .

2 2
a-P,1, aP,1,

In the MMSE estimation case, from (6.8) I have

2

-1
(on
Ry mse 262 c+ 2 IN,,
aPp1,

and therefore by using Lemma 6.1, D = dly, and Q = gly, , where

2 -1
d=1 and q:c—cz(c+ 20- ) .
aP,1,

By replacing D = dly,, Q = gly, and (6.12) in (6.14), I obtain
2||h|[>da?P . lh|>a?P

MSE(h) =1 - — >
|lh||2a2P + o2 (||ﬁ||2a2P+0-2)

x [IhI2d*a*P+qa’P+ 07| =

) 2)? s 'y
(BIPp+a)”  2hIPdp(iaIzp+o?)

N 2 ¢ 2
(IRI2p +02) (IRI2p +02)

b
R R r“/\"?
L )
£ 2 2 :
(IBI2p+ o)

R 2 ﬁ 4 -1 2 ﬁ 2 2 2_2 2 4
s <RI =12+ pIRIE 2o =20 )+

(IB12p+02)”

where p = a?P, b=qgp+0>.

Proof of Result 1

The key step to prove Result 1 is to derive the expectation of the log term in Eq. (6.16).
By considering the MSE in (6.15), the log term in Eq. (6.16) can be written as:
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log ( ! . ) = —log (MSE(h))
MSE(h)
=—log (p’Y*(d- 1)’ +pY (20> -2do” + b) + o*)
+2log (Yp+ 0'2)

where Y = ||h%.
I therefore need to calculate the following expectation:

[oe]

g [-log (MSE(h))] =2 ﬁoég (xp+0?) fr(x)dx (6.20)

—flog (pzxz(d - 1%+ px(20? =2do* +b) + 0'4)fy(x)dx,
x=0

where the density function of ¥ — being the sum of exponentially distributed random variables of
parameter r, where r is the diagonal element of R —, is given by [31]:

r—erNr—l e—x/r

fY(x):—(Nr—l)! x>0.

-1
2
Notice that for LS estimation, d = ¢ (c + #) # 1, therefore the terms of the integral can be
rPTp

rearranged as follows

o)

Ej [~log (MSE())] =2 f og (p (x+x0) fr (x)dx

x=(

— foiog (pz(d - 1)2()c2 +ajx+ ao))fy(x)dx
x=0

=2 f ) log(x + x0) fy (x)dx —log(d — 1)?
x=0

(e8]
—f 10g(x2+a1x+a0)fy(x)dx (6.21)
x=0
_ 0'_2 _ ot _ 20%-2do*+b
where xg = 5 40 = ST and a; = e

The last integral can be further simplified by considering
log(x2 +ajx+ag) =log(x—x)—log(x —x7),

where X1,2 = 0.5 (—al * 4 [a% —4a0).

In conclusion, I have to compute integrals of the form fx oio log (x + A) fy(x)dx, which can be solved
in Mathematica [55] via the Meijer G-function.

Specifically:
f log(x + A)fy(x)dx =
x=0
AN e ~13[—Nn—N,+1|A
(N, — 1)!rNr MeijerG,; ( —-N,,—N,,0 |7 (6.22)

al,...,ap

where A, N, > 0, > 1 and MeijerG}>/ ( b b
> 15+ bg

z) is the Meijer G-function with parameters p, g, m, n.

Recognizing that
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]

Nongosiag1,3 [ —Nr—N
2" MeijerG,’; ( _]\;r,_]\;r,
0,1

1
0
)

= MeijerGé’g (O 0 N

(6.22) is equivalent with:

0,1
0,0, N,
(N, - 1)!

o 1,3
Mel_]eer, 3 (

]

f“’ log(x+A) fy(x)dx = (6.23)
x=0

where 7 = 4

7.

By substituting the result of (6.23) in (6.21), (6.17) follows.

Proof of Result 2

The proof follows with similar steps as for Result 1. However, in the MMSE case, I have d = 1, and the
expectation in (6.20) can be conveniently rewritten as

Ej [-log (MSE(h))] =
=2 f‘lxé)g (xp + 0'2) fr(x)dx —fi)g (pxb + 0'4)fy(x)dx
x=0 x=0

=10g(pb)+2flog (x+x3)fy(x)dx—f10g (x+x4) fr(x)dx,

x=0 x=

withxz = & x4= S b=gp+02, g = ——%C
3= 0T b =4qr o-’q_a-2+a'2ch‘rp’

which is solved in Mathematica by using the Meijer G-function defined in (6.18).



dc_1513 18



dc_1513 18

Chapter 7
The Pilot-to-Data Power Ratio in Multiuser Systems

7.1 Introduction

The previous chapters suggest that for the purpose of determining the optimal pilot power setting, it is
important to take into account the operation of practical channel estimation and receiver algorithms. To
the best of my knowledge, exact expressions for the achieved MSE and spectral efficiency (SE) when
using practical channel estimation such as LS and receiver algorithms such as MMSE, and accounting
for the PDPR and antenna correlation, are not available. In this chapter, I address this problem and derive
closed form expressions for the uplink of a MU-MIMO system, in which the BS uses LS or MMSE
channel estimation and MMSE receiver. Throughout, I assume that the output of the MMSE detector,
the residual signal plus interference from other spatial streams as well as the estimation error of the
received data symbols can be approximated as Gaussian [41]. Because in practice the CSI estimation
error is likely to be bounded, my design can be regarded as a worst-case design approach. Thereby,
my contributions (detailed in Sections 7.3-7.6 and the Appendices) to the lines of works above can be
summarized as follows:

* I derive closed form exact expressions for both the MSE and the SE taking into account the CSI
errors that are specific to the employed channel estimation technique;
* I explicitly take into account the impact of antenna correlation on these performance measures.

These formulas are then used to compare the performance of MU-MIMO systems employing the
naive and MMSE receivers. An interesting insight is that when the system uses the MMSE receiver, the
PDPR minimizing the MSE does not depend on the number of receive antennas at the BS but rather is
dependent on the large-scale fading. This is in contrast to a system that employs the naive receiver, for
which the pilot power minimizing the MSE depends on the number of receive antennas. This insight
can help set the pilot power almost optimally in practical systems in which the number of BS antennas
can depend on the actual deployment scenario [56], [57]. In particular, my results show that when the
optimal pilot power setting is employed at the terminal side, and the true MMSE receiver is used at the
base station side, the system’s performance is close to that of a hypothetical system that would have
access to the perfect CSIL.

This chapter is structured as follows. Section 7.2 describes the system model and summarizes pre-
liminaries needed for development of the contributions of this chapter. Sections 7.3 and 7.4 analyze the
MSE in the case of uncorrelated and correlated antennas at the receiver, respectively. Section 7.5 derives
closed form expressions for the MSE and SE when the receiver uses the MMSE receiver. Section 7.6
presents numerical results on the MSE and SE, and Section 7.7 concludes the chapter.

7.2 Channel Estimation and Receiver Model

7.2.1 Channel Estimation Model

I consider the uplink of a MU-MIMO system, in which the MSs transmit orthogonal pilot sequences of

T
length 7,,: s = [S1, - ST,,] € C™*!, in which each pilot symbol is scaled as |s;|*> = 1, for i = 1,.., 7.
The pilot sequences are constructed such that they remain orthogonal as long as the number of spatially

67



dc_1513 18

68 7 The Pilot-to-Data Power Ratio in Multiuser Systems

multiplexed users is maximum 7, [33]. In practice, such pilot sequences can be defined using the
popular Zadoff-Chu sequences [53],[58]. Specifically, without loss of generality, assume that the number
MU-MIMO users is K < 7,,. In practice, K < N, where N, is the number of antennas at the BS [27].

As emphasized in [27], MU MIMO differs from point-to-point MIMO in two respects: first, the
terminals are typically separated by many wavelengths, and second, the terminals cannot collaborate
among themselves, either to transmit or to receive data. That is, in MU MIMO systems, the terminals
are autonomous so that I can assume that the transmit array is uncorrelated. However, it is important to
capture the correlation structure at the receiver side so that I can evaluate the impact of CSIR errors on
the optimal pilot power and the achieved MSE.

In this chapter I assume a comb type arrangement of the pilot symbols. Given F' subcarriers in the
coherence bandwidth, a fraction of 7, subcarriers are allocated to the pilot and 74 = F' -7, subcarriers are
allocated to the data symbols. Each MS transmits at a constant power P,,;, however, this transmission
power can be distributed unequally among the subcarriers. In particular, considering User-¢ with a
transmitted power P, ¢ for each pilot symbol and P, for each data symbol transmission, the sum
constraint of:

TpPp.c+TaPe = Pror (7.1

is enforced. In practice, this type of arrangement is suitable for time varying channels, so that channel
estimation is facilitated at the same time instant that is used for data transmission. Thus, the N, X 7,
matrix of the received pilot signal from User-£ at the BS can be conveniently written as:

YD = ap\[Pp ches” +N, (1.2)
where I assume that h, € CN-*! is a circular symmetric complex normal distributed column vector
with mean vector 0 and covariance matrix C, (of size N,.), denoted as hy ~ CN (0,C;), a, accounts for
the large scale fading, N € CV*™ is the spatially and temporally AWGN with element-wise variance
0'12,, where the index p refers to the noise power on the received pilot signal.

In this chapter I assume that the BS uses the popular LS estimator that relies on correlating the received
signal with the known pilot sequence. Note that the proposed methodology to determine the MSE of the
received data is not confined to the LS estimator, but is directly applicable to an MMSE or other linear
channel estimation techniques as well. For each MS, the BS utilizes pilot sequence orthogonality and

estimates the channel based on (7.2) assuming:

n 1
he=h;+wy= ———Y?s*(s"s") !
a'[\/Pp,g ¢
1
=hy;+ ———Ns", (7.3)

Qf\/PpJ{Tp

: ]T € C™*! denotes the vector of pilot symbols and (s’ s*) = 7,,. By considering

where s* = [s’l‘, 57,
h; ~ CN(0,Cp), it follows that the estimated channel hy is a circular symmetric complex normal

distributed vector hy ~ CN (0,R;), with

2
A A g
R, 2 E{h/h}} = C + ——F—1y,. (7.4)
oz(,Pp,ng

By recognizing that h and h are jointly circular symmetric complex Gaussian (multivariate normal)

distributed random variables, the distribution of the channel realization h, conditioned on the estimate
h, is normally distributed as follows [34], [31]:

(he | he) ~ CN (Db, Q) (7.5)
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where D; £ C/R;! and Q; 2 C, - C/R;'C,.

7.2.2 Received Data Signal Model

The MU-MIMO received data signal at the BS can be written as:

K
y= a'ghg\/ITg)C( + Z Ulkhk kak +ny, (7.6)
~— ——

User-¢ ket

Other users
where aj hy is the M x 1 vector channel including large and small scale fading between User-k and the
BS, Py is the data transmit power of User-k, xj is the transmitted data symbol by User-k and n, denotes
the Gaussian noise on the received data signal.

7.2.3 Employing a Minimum Mean Squared Error Receiver at the Base Station

In this chapter the BS employs an MMSE receiver G, € C'*Nr to estimate the data symbol transmitted by
User-£. As it was shown in [59], in the case of a linear receiver G, that requires the estimated channel of
only User-¢ as its input, the MSE of the estimated data symbols of User-£ can be conveniently expressed
in the following quadratic form:

K
MSE <Gg, ﬁg) = Gg(a?Pg (Dgﬁgﬁ?DgI +Qg>+z CY]2<P]< Ck +0’§I>G§I—
k%t
—ar\P(GDh, +RIDIGH) +1. (1.7)

As we shall see later, my analysis allows for an arbitrary channel covariance matrix at the receiver side
(C¢) in (7.7) that allows me to analyze the impact of CSI errors on the MSE performance with arbitrary
correlation structure of the base station antennas. Recall that the MMSE receiver aims at minimizing the
MSE between the estimate G,y and the transmitted symbol x,:

G; = argrrgn]E{MSE} = argm&nE{ngy—x,glz}. (7.8)

When the BS employs a naive receiver, the estimated channel is taken as if it was the actual channel:
Gy = q /Pl (a7 PR +02T) 7 (7.9)

As it was shown in [59], this receiver does not minimize the MSE. Using the quadratic form in (7.7),
it can be shown that the receiver that minimizes the MSE of the received data symbols, is constructed
as:

G} = a,\PAHIDE. (7.10)

K -1

-((lgP[ (D[flfﬁ[{{Dgl +Q[) + Zai Pka +0'21>
k#t
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7.2.4 Calculating the Mean Squared Error When Employing the Minimum Mean
Squared Error Receiver

In [59] it was shown that for the special case when the channel covariance matrices C, and consequently
the matrices Ry, Dy and Q, are proportional to the identity matrix Iy, with diagonal elements c, r,
d¢ and g, respectively, the unconditional MSE, of the uplink estimated data symbols of User-£ when
employing the G} receiver can be calculated as follows.

Theorem 7.2.1 The unconditional MSE; of the received data symbols of User-€ when the BS uses the
optimal G receiver is as follows:

be ,
b[ (eVW (bg + Nrs()rg)E,-n (Nr, Sl;—if) - Sgrg)

MSE, =

22
be
N, (E‘W’W’ (b[+(1+Nr)Sgrg)Ein(1+Nr, ;—2) - S[rg)
+
Sere
be b
~2+¢507 Ny Egy (14 Ny, ——) +1, (7.11)
Sere

where E;,(n,z) = floo e ? /1" dt is a standard exponential integral function, s; = d?m, by £ qepe + o-fl
with pe = arin.

The proof is in the Appendix of this chapter.
Notice that specifically in the case of LS channel estimation and when C; is of the form of c/Iy,,
from (7.4)-(7.5) I have:

0'127 ce
5 d[Z —, qg:C[—ng[. (7.12)

re=Cce+——3
2
apr’ng re

7.3 Analysis of the Mean Squared Error in the Case of Uncorrelated Antennas
This section presents the optimal pilot power setting for the case when C, is proportional to the identity
matrix that is C, = c¢I, . I start with a further simplified version of Proposition 7.2.1.

Lemma 7.3.1 When the BS uses the optimal GZJ receiver and the channel can be assumed Cp = c¢ly,,
the MSE of the estimated data symbols of each user can be calculated as follows:

MSE(pe) = pee” Ein (N, pe), (7.13)
where e = (P, ¢) is defined by
0'30'12,‘111 + c{aﬁ (o-,z,Pm, +T,Ppe (o’fl‘rd — 0',2,))

He = (7.14)

2 4
C[agpp,é’Tp(Pt{)t _T])Pp,(,’)

The proof is in the Appendix II.

As it was underscored by [1] and [4], there is a gap in spectral efficiency between coherent and
noncoherent communications and channel learning plays an important role in bridging this gap. Lemma
7.3.1 captures the training cost (7, Pp, ¢) of communicating over an unknown channel specifically in the
case of an uplink of MU MIMO system employing an MMSE receiver.



dc_1513 18

7.4 Analysis of the Mean Squared Error in the Case of Correlated Antennas 71

For the naive (G‘(}arve) as well as for the optimal MMSE receiver (G7), it is important to find the pilot
power that minimizes the MSE. For the naive receiver I obtain the optimal pilot power by numerical
optimization, whereas for the optimal MMSE receiver the pilot power that minimizes the MSE has a
closed form expression. The following proposition presents the optimal PDPR as a function of the total
power and coherence budget and the large scale fading between the MS and the BS.

Theorem 7.3.2 When employing the MMSE receiver G, in the case of C¢ = c¢I,., the pilot power that
minimizes the MSE is independent of the number of receive antennas N, and is given by:

Taop \/ (ctPror@ +05) (ceProras + 0274) Ty

*
Pp,t’_

C[(Z%Tp (0'37'01 — 0'?,)

2 2 2
~ oy (cePror; + 075 Ta)

. (7.15)
C[C&'%Tp (o-fl‘rd - 0'[2,)

The proof is in the Appendix of this chapter.

Remark 7.1. In the case of oy = 0, = 0, expression (7.15) can be further simplified as

a? o?
\/(1 + ccProral Td) (1 + ceProsa’ ) Td

The optimal pilot power is a fraction of the power budget P,,, that depends on the number of pilot
symbols 7, and data symbols 7. It is also easy to verify that in the case of perfect channel knowledge
(i.e., assuming o, = 0), expression (7.15) returns P; . =0.

7.4 Analysis of the Mean Squared Error in the Case of Correlated Antennas

7.4.1 Determining G*

I now consider the general case when the channel covariance matrices (Cy) are not diagonal, that is when
allowing for an arbitrary correlation structure between the BS antennas. I assume that the BS employs
the optimal MMSE equalizer according to (7.10) and write

~ A A -1
G} = as\Ph)'D} (¥,+a;PDAAID]) (7.16)
where
K
U, 2 a%PgQg+ZaiPka+oflINr, (7.17)

k+t
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is a positive definite matrix which contains the covariance from all intra- and intercell interference
sources that cause interference to the signal of User-¢ and the self covariance term related with Q..

For an explicit inversion in (7.16), I introduce the SVD of ¥, that is ¥, = @g’ S/0,. Since Wy is
positive definite, it is non singular and I can therefore define:

Ve = SEI/ZGKDAAI& (7.18)
which is a linear transformed version of fl[. It will be useful to notice that:
hpiw,' =hfDplels;'e, =vl's; e, (7.19)
and
P DEw,'Doh, = (vl (7.20)

and note that from (7.18) I have
D/h, = OFS,*v,. (7.21)

With these notations, it is straightforward to prove the following useful lemma.

Lemma 7.4.1 Given a channel estimate instance g, the MMSE weight matrix Gy, as a function of the
number of receive antennas at the BS (N, ) can be expressed as follows:

«_ __ aNPe Hg-1/2

=———v/S, 70, (7.22)
Cadpdvel Pl
where ||ve||* = vHve = SN v, |2
The proof is in Appendix IV.
To simplify the discussion, I introduce
. aVP
gr = (7.23)

azPellvell* +1

7.4.2 Determining the Mean Squared Error When Using G*

To determine the MSE, I first need to find the distribution of v,. The distribution of v, is readable from
(7.18) (notice that ¥, and thereby S, are not random variables), and recall that h; is complex normal
distributed with, hy, ~ CN (0,R¢). Therefore, for v, I have

ve~CN(0,9Q), (7.24)
where

Q £ E(vv]) =E((S,*0DMh,) (S, *0,Dh,)")
=8,'?0,D.E (hh]') D} O]'S, "/
=S,"°0,DR,D/0/'S,'"*.
I will need the SVD of Q;:
Q=0 Sa,Oa (7.25)

where Qg is an orthogonal matrix (@gf Oq, =1Iy,).
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Furthermore, I will need the linear transform of v,, which I denote with w, whose covariance matrix is
diagonal:
wye = @Q{V{ . (7.26)

Notice that (for ease of notation dropping the index ¢):
llwl)* = 0w =vI O] Oqv = vy = ||v|? (7.27)
and
E, (0o") = E, (@avv"0f) = 0ok, (w")0f =
= 000 S00a0] =Sq. (7.28)

It is now straightforward to prove the following lemma.
Lemma 7.4.2 The MSE of User-{ as a function of vy, as defined in (7.18), is as follows.

1

MSE(v¢) = ————
azPellvell? +1

(7.29)

The proof is in Appendix V.

Remark 7.2. It is insightful to compare (7.29) with the MSE of a system with uncorrelated antennas and
perfect channel estimation, that is when D = I, Q = 0 and h = h. In this case, from (7.50) I get:

1

2 b
Q2P Il
4 O—d

MSE (h) = (7.30)

which indicates that v, can be seen as an "equivalent channel" in the system of correlated antennas and
partial CSI information, that is v, captures the impact of both antenna correlation and CSI estimation
errors on the MSE.

7.5 Calculating the Unconditional Mean Squared Error and the Spectral
Efficiency

Recall from Lemma 7.4.1 that ||v,||? = V?V[ = ZZ’I [ve, |2, where the ve,-s (i=1,...,N,) are, in general,
not independent random variables. However, according to (7.28), the covariance matrix of w, — that
is Sq — is diagonal, with not necessarily equal diagonal elements. Therefore, each |wy, |2 (denoted by
|w;|? in the sequel) is exponentially distributed. Building on this observation, I can prove the following
theorem, which is useful for determining the MSE and the spectral efficiency.

Theorem 7.5.1 The mean squared error of the received data symbols and the spectral efficiency can be
calculated as:

MSE = f _ f(x)dx, (7.31)

aiPex+1

and

Sf(x)dx, (7.32)

n=—f10g
X

aiPex+1
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respectively.

Proof. Denote the variance of w; with fiz, and note that |w;|? is exponentially distributed with parameter

=1/ 51.2. Therefore, Zf\i " lw; |2 is the sum of N, independent exponentially distributed random variables.
The set of distributions composed by independent exponentially distributed phases are referred to as
phase type distributions [60] and has a closed form description with matrix exponential functions. That
is, the density function of Zfl’l lw;|? is

f) =efeMen, An,, (7.33)

where e; is the i-th unit vector (whose only nonzero element is 1 at position i) and the matrix A is:

-A1 A
—A2 A2

A= . . . (7.34)
AN,

Using f (x) and (7.29), I have:

MSE = E, MSE(v)) = E, MSE(w)) =

1
= — f)dx, 7.35
fxagpgxﬂf(x) x (735)

and:

n = -E, (log[MSE()]) = ~Ee, (log[MSE(w)])

=—f10g
X

which completes the proof.

f(x)dx, (7.36)

atPrx+1

This general case simplifies to the following two special ones.

7.5.1 Case 1: Distinct Variances

I will now assume that N is the number of non-zero singular values in Sq and all non-zero &; (and A;) are
distinct (different). In this special but in practice important case, I can state the following proposition.

Proposition 7.5.2 [f the non-zero variances 51.2 # 0 are distinct, the MSE and the spectral efficiency can
be calculated as

> (7.37)
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and
2N )
N2 7 er B (1,2)
n= Z , (7.38)
— N 1
e
. A;

respectively.

Proof. Notice that when all non-zero &;, and consequently all A; are distinct (different), f(x) simplifies

to:
N

A li¥
f(x) = Z ~ : (7.39)
[1(-7)
J=Lj#i
Therefore, using (7.31), for the MSE I get:
.72 e > 1, =
MSE = Z (1,5 ) (7.40)
A
-2
P 1—1 ( /1;‘)
Jj=Lj#i

where recall from Proposition 7.2.1 that p = a2 P,.
Similarly, using (7.32), for the SE I get:

, (7.41)

which completes the proof.

7.5.2 Case 2: All Variances of w are Equal

In the special, but in practice important case, when all variances of w are equal, that is when &; = & =
A2, Wi < N, 1 can state the following proposition.

Proposition 7.5.3 Ifall variances fl.z # 0 are equal, the MSE and the spectral efficiency can be calculated

as
MSE = 24 E, (N, i) (7.42)
p p
and
G(2) 743
T= AN N=1)! '

respectively, where



dc_1513 18

76 7 The Pilot-to-Data Power Ratio in Multiuser Systems
A e 3,1 _Nr;_(Nr_l)
G(x) = Mel_]erGL0 ( _N,.—N,.0:. x|, (7.44)
is the Meijer G function.
Proof. For the proof, notice that when all variances 51.2 # 0 are equal, f(x) becomes:
AN yN-1p=ax
LN, A) = ———, 7.45
SN = = (7.45)
and for the MSE I get:
A 2 A
MSE = Ze7 E; (N, —) . (7.46)
p 4
Similarly, using f(x), for the SE, I get:
= Q(%) (7.47)
T=aNN-! ‘

which completes the proof.

In case of identical variances in w, (7.42) gives the same expression as (7.13) in accordance with the
fact that Sq is proportional to the identity matrix.

7.6 Numerical Analysis of the Mean Squared Error

7.6.1 Channel Model and Covariance Matrix

Table 7.1 System Parameters

[Parameter | Value

Number of antennas N,- =4, 16, 20, 64, 100, 500

Path Loss aye =40,45,50 dB

Power budget Tp Pp.e +7aPr = Pro, =250 mW, as in Eq. (7.1).
Total number of symbols (per time slot) F=12

Antenna spacing D/A=0.15,...,1.5

Mean Angle of Arrival (AoA) 0 ="170°

Angular spread 2-05=5,...,45°

In this section I consider a single cell system, in which MSs use orthogonal pilots to facilitate the
estimation of the uplink channel by the BS. Recall from Section 7.2 that the channel estimation process
is independent for each MS and I can therefore focus on a single user. The covariance matrix C, of
the channel h, as the function of the antenna spacing, mean angle of arrival and angular spread is
modeled as by the well known spatial channel model, which is known to be accurate in non-line-of-sight
environment with rich scattering and all antenna elements identically polarized, see [46]. For uniformly
distributed angle of arrivals, the (m,n) (m,n € {1,..., N,.}) element of the covariance matrix of User-£
C, is given by

1 A opD ) cos(G+
el 7 (n—m)cos( x)dx’ (748)

Coun==—
m,n 20, o
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Fig. 7.1 Cumulative distribution function of the squared error in a single user MIMO scenario when the path loss between
the UE and the BS is set to 40 and 50 dB when using the naive receiver, the MMSE receiver and the receiver which has
access to the perfect CSI with N,. = 500 antennas.

where the system parameters are given in Table 7.1. The covariance matrix C, becomes practically
diagonal as the antenna spacing and the angular spread grows beyond DA > 1 and 6 > 30°. In contrast,
with critically spaced antennas DA = 0.5 and 65 < 10°, the antenna correlation in terms of the oft-
diagonal elements of C, can be considered strong. Note that modeling the correlation matrices at the
receiver side according to (7.48) corresponds to using the one-sided narrowband Kronecker model with
receiver-side correlation, which is an appropriate model for the uplink of MU MIMO systems [27].

7.6.2 Numerical Results

In this section I consider a single cell single user MIMO system, in which the mobile terminal is equipped
with a single transmit antenna, whereas the BS employs N, receive antennas. Note that the performance
characteristics of the proposed MMSE receiver as compared with the naive receiver are similar in the
multi-user MIMO case from the perspective of the tagged user, since the proposed receiver treats the
multi-user interference as noise according to (7.10). The key input parameters to this system that are
necessary to obtain numerical results using the MSE derivation in this chapter are listed in Table 7.1.

Figure 7.1 shows the cumulative distribution function (CDF) of the squared error of the estimated
data symbols at the BS, i.e. the CDF of |Gy — x| using the naive and the MMSE receiver when the
number of antennas at the BS is N, = 500. In all three cases in terms of path loss (a; = 40, @y = 45 and
a¢ =50 dB), the gain of the MMSE receiver is large in the entire region of the CDF. For example, at
ay = 40, the median of the CDF is -21 dB with the naive receiver and -29 dB with the MMSE receiver.
This result indicates that using the MMSE receiver is advantageous not only in the average sense, but in
virtually all channel states.
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MSE|dB]
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Fig. 7.2 Comparing the performance of the naive and the MMSE receiver in the case of correlated (solid lines) and
uncorrelated (dashed lines) antennas (with N, =4, 16, 64).

Figure 7.2 examines the impact of antenna correlation on the MSE with the naive and the MMSE
receivers. The impact of antenna correlation in terms of the achievable MSE decreases as the number
of antennas increases from N, =4 to N, = 64. An intuitive explanation of this insight is that the impact
of correlation can be thought of as a factor that decreases the effective number of antennas, that is the
number of antennas which contribute to the estimation of the transmitted data symbol. As the number of
antennas grows large, antenna correlation decreases the effective number of antennas, but the loss due
to this is not as significant as this loss when the number antennas is low. Instead, as the figure shows,
at large number of antennas tuning the pilot power plays a more important role in minimizing the MSE
than the effect of antenna correlation.

Figure 7.3 compares the performance of the naive and the MMSE receivers with that of a receiver
that has access to the perfect CSI, that is assuming that b, = h,. This situation corresponds to Dy =1
and Q, = 0 and the structure of the naive and the MMSE receivers coincide. Indeed, recall that the naive
receiver does minimize the MSE in the case of perfect CSI. The key aspect to observe in Figure 7.3 is
that the gap between the MMSE receiver and the receiver operating with perfect CSI does not depend
on N,. This is in sharp contrast with the gap between the naive receiver and the receiver with perfect
CSI, which largely increases as the number of antennas gets large.

Figure 7.4 shows the SE of a MU MIMO system, in which the number of spatially multiplexed users
is equal to the length of the employed pilot sequence 7,,. Figure 7.4 illustrates the trade-off between
increasing the number of MU MIMO users and the necessary number of pilot symbols used to create
orthogonal pilot sequences. A greater number of users increases the SE of the system at the expense of
spending more symbols on the pilot signals. Therefore, I can see that around 7, = 6 the SE reaches its
highest value. The gain in terms of SE of using the MMSE receiver is around 25% when the number of
antennas is large.
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Fig. 7.3 Comparing the MSE performance of the naive and MMSE receivers with that of a receiver that uses perfect CSI.
As the pilot power increases, the MSE achieved by the receiver that uses perfect CSI increases, because due to the sum
power constraint the transmit power available for the data symbols decreases.

7.7 Conclusions

In this chapter, I first derived an analytical expression (G7) of a linear receiver structure that minimizes
the MSE of the uplink estimated data symbols when the receive antennas possess a known correlation
structure. I then derived closed form expressions for the MSE and the achievable SE when employing
this MMSE receiver as a function of the pilot and data power, number of antennas, and path loss. I used
Monte Carlo simulations to verify the analytical results and to gain insight into the system behavior
when using G7.

From the analysis I conclude that when employing the true MMSE receiver (G*) at the BS in a
MU MIMO system, the pilot power that minimizes the MSE is independent of the number of receive
antennas. This implies that the optimal training does not need to be adjusted for sites with different
numbers of antennas or when upgrading existing antenna sites to a larger number of antennas. In the
special, (but in practice, typical) case when the thermal noise power levels on the data and pilot signals
are equal, setting the pilot power by the terminal is easy, because the terminals continuously measure
the path loss to the serving BS.

The simulation results provide the following insights:

* The performance difference between the naive and the MMSE receiver increases with an increasing
number of antennas. However, the performance gap between the MMSE receiver and the receiver
that has access to a perfect CSI does not increase with the number of antennas.

* When the number of antennas is large, the impact of antenna correlation on the MSE is relatively
small as compared with the impact of appropriately tuning the pilot power. When using the MMSE
receiver (G}), the optimal pilot power does not depend on the number of receive antennas, but is
quite sensitive to large-scale fading.
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[« ) I3

Fig. 7.4 Spectral efficiency as a function of the employed pilot symbols 7,. In this example, the number of users in MU
MIMO system is set equally to 7,,, that is I assume that the number of users that can be spatially multiplexed equals the
pilot sequence length.

* When the number of antennas is large, the gain of using the MMSE receiver over using the naive
receiver is large, not only in terms of MSE, but also in the entire CDF of the squared error of the
estimated data symbols.

I also showed that the well known relation between the MSE and the SE that holds for the case
when perfect CSI at the MMSE receiver is available is valid also for the case of imperfect CSI at
the regularized MMSE receiver (G*). The deeper analysis of the impact of CSI errors in the case of
non-separable channel models is an important topic for future research.
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Appendix of Chapter 7

Proof of Proposition 7.2.1

Proof. 1f C; = c¢lL, implying Dy = d/1, Q¢ = g¢I and the optimal G}f of (7.10) can be written as:

*_ aeVPedy W
= ~
2P (d2\lhe| 2 +q0) + 2f, p a2 Prci + 0
£ g,-hi. (7.49)

Substituting G into (7.7) I get:

MSE () = —2a¢/Prgede| |2 +1+

K
g .<a§ Ped2| el +(a§mqg + Z @ Prcy +a§,) |lhe| |2). (7.50)
k#€

Recognizing that ¢, = IIﬁg [|? is Gamma distributed, the density function of ¢, V¢ is given by (dropping

the index ¢ for convenience):
r—N,-xN,—le—x/r
fap(x):W x> 0. (7.51)
Proposition 7.2.1 follows from Lemma (7.50) by taking the average of MSE (ﬁg) using the the following
integrals:

[

fﬁo Tifp(x)dx =

N,-(—S[rg +e% (bg + (1 +Nr)s[rg)E,-,,(l + N, ﬁ))

T Sorp
Se - ;
sire
(7.52)
f Tafp(x)dx =
x=0
be
—s¢re+eset (b +Nysere)Eipn (Nr, S’;—ﬁf)
by — el (7.53)
S(,r[
& _be b
f Tify (x)dx =250 Ny Eiy (14 Ny, ——), (7.54)
*=0 sere

where E;,(n,z) = flm e % /t" dt is a standard exponential integral function.

Proof of Lemma 7.3.1

Proof. 1 rewrite the MSE expression in (7.11), by making use of the following recursive relation, from
[61] (also available at [62, 8.19.12]):

HeEin(Ny, pe) + Ny Ein(Ny + 1, ) = e (7.55)
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Substituting wp = rb—s in this relation, using the terms of the MSE in (7.11) and rearranging, I obtain:

be

by br b
© 70t By (Nr ——), (7.56)
r

rese

MSE =

where, similarly to the notation used in Proposition 1, by £ g¢pe + 0% with p; £ a3 P and s, £ d7p, and
re, de and gy are defined in (7.12).
Finally, recognizing that:

2 2
by : qga/ng+0'd B

-2t - 7.57)
¢ rese d%a’%Pﬂ’g (
B O’ZO’IZ,T([ + c{»a/%((rlz, Pior +1p Pp,[(a'fi‘rd - 0'12,))
C?Q?Pp,pr (Pror — p,t’Tp)
and substituting (7.1) into P, the lemma follows.
Proof of Proposition 7.3.2
I first prove the following lemma that will be useful for the proof of Proposition 7.3.2.
Lemma 7.7.1 For n > 0and x > 0, the following limit holds:
lim x*(1—e*(n+x)Ejp(n,x)) = —n. (7.58)

X—00

Proof. Recalling the basic relationship between the incomplete Gamma function and the exponential
integral function:

Ein(n,x) = x"'T(1-n,x), (7.59)

and using the following expansion formula that is valid for large values of x (see [63]):

I'(l-nx)~
~ x‘"e‘x(l + ——n(—z— D +
X X
—n(-n-1)(-n-2
Lo 3)( " )+...), (7.60)
X
I have:
x2(1-e*(n+x)En(n, x)) ~x2(l —eX(n+x)x" Ix e .
(¢ nlns D ol Dn=d) ) (7.61)
X X X~
Rearranging terms, I finally get, for large x:
x2(1—e*(n+x)En(n,x)) ~
Cnt 2n(1+n) B 3n(1 +n§(2+n)+
X X
+4n(1+n)(2+n)(3+n)$m (7.62)

33
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from which it follows:
lim x*(1—e*(n+x)Epn(n,x)) = —n. (7.63)

X—00

I can now prove Proposition 7.3.2.

Proof (Proof of Proposition 7.3.2). 1 begin by taking the first derivative of MSE as a function of P, ¢.
To this end, I use (7.11) and take the derivative of the MSE with respect to p:

MSE'(ue) == pee" Ein (N =1, pe) +
+ e Eyy (Nraﬂf)"',ufeﬂfEin (Ny). (7.64)
After some algebraic manipulation based on (7.55), I obtain:
MSE'(ue) = e (Ny + pte) Ein (N, pte) — 1. (7.65)

From [61] (also available at [62, 8.19.21]) I have

xX+n

1<(x+n)e*Ey(nx) < ——.
x+n—1

Substituting x = u, and n = N, shows that MSE’ () # 0if 0 < .
Next, I consider the first derivative of u(P), ¢) as defined in (7.14) with respect to P, ,:

0-2 sz(zpp,t’Tp = Pior)

/J,(Pp,f)

2 2
[Pp[ [Tp(Ptot _TpPp,[)z

2 o2 2 2
. c[a(,(Pp ’ p(O' T4— ) +2Py ¢ Proro Ty — 0 Pmt) . 7.66)

2 2 2
gpr pr(Ptot Tp pl’)

The numerator of (7.66) is a second order polynomial of P, , with the following coefficients ag = — Py, 2,
ay =272, ay = ce@y T, (05T — 07), Where 2 = (c¢Proy @ + 0574) 075, g is negative, a is positive and
the sign of a, depends on the sign of o-é‘rd — o2 In reasonable cases a5 is positive as well, because

p
74 > 1 and o4 = 0,. When a5 is positive the numerator of (7.66) has one positive and one negative root,

because a; < +/a% — aga, and the positive root is
1
- a2 —4
a) + a aopan

P, = . 7.67
pt 2a, ( )

Finally, the first derivative of the MSE with respect to P, ¢ is:

Py MSE = MSE'(u¢) - (' (Pp.¢). (7.68)
Recall that MSE’ (u¢) # 0, the roots of d MSE are identical with the roots of the numerator of
(7.66) and the positive root of 75— P MSE is P*
I still need to show that P* corresponds to a local minimum. To this end, I study the sign of
limp, , -0+ 7p— P 77 7 MSE. If the hmlt is negative then P* y corresponds to a local minimum. Unfortunately,

(7.68) is not dlrectly applicable because limp, , 0+ ' (Pp,¢) = 0 and lim,, e MSE’ (u¢) = oo. Instead,
according to (7.56) I introduce F(n, x) = xe* E;;,(n,x) and rewrite (7.57) as
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bi+brP, ¢
p;
He = ’
Py, (b3 —Pp )
2 2 2 2 2 2 2
OL05Tg+Ce@; Proro ce@;Tp(05Tg—03) ..
where by = Zd7pt7CA 10ty 1y o LU0 TaTdTI0] | py = Pror and note that by and bs are positive.
Cra,T) Cra,T) Tp

This way MSE = F (N, 52 b

and can rewrite the limit as

b1 Py ¢(b3—Pp ¢) _ by
oy b+ 52 Prt) Ialso have MSE = F (Nr, B, bn )

). Introducing P, =

d b1 +byP,,
lim MSE = lim F(Nr, 1+ baPpe )
Pp ¢—0* de,l’ Pp,¢—0* de,é’ Pp,(,’(bS _Pp,L’)}_

. d - . d by
= lim P, lim —F(N,,—| .
Pp,c—0* de,g Pr—0+ dPy Pobs

The first term converges to 1, while the second term converges to —NI;—II’} based on (7.58).

Proof of Lemma 7.4.1

Proof. According to the matrix inversion lemma for matrices A, B, C, D of size nXn, nXm, m X m,
m X n, respectively, I have

(A+BCD) ! =
A" -A"B(DA'B+C) DA™

Substituting A = ¥,, B = VP Dh,, C=1,D = CX[\/P_[ﬁ?D? I have:

(‘I’g + Q%P[Dgﬁgﬁg]l)?)_l = ‘I’El - ‘I’;lag\/]T[Dgﬁ( . (a’g\/ITgﬁngf\I’gla(\/P_ngﬁ( + 1)_1 .

. ag\/Pgﬁng?‘I’El =
—ylo P W'D AR D ! (7.69)
t (I%nglfD?\I’EIDgﬁ[+] ¢ eTe e

Substituting (7.69) into (7.16) gives:

(Z%P(
(I%Pgﬁ?Dg‘I’EID[flg+1

G! = a,VPAIDY . (\Ir;,l - w;'D/h A DY ;! ) (7.70)

Recall that ¥, = @? S¢0y is the SVD of ¥,. Substituting (7.19) - (7.20), and this SVD into (7.70) I
get:

2
as Py
I -1/2 ¢ -1/2
G =ac P[<V;IS" / O ap el +1 el Pvgs G‘)) -
eelve

2 2
= a,VPe I—M v”s*”z(é)p:L\/EvHS*”z@g. (7.71)
0 @PdvelP+1) T T APl vel P+l O
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Proof of Lemma 7.4.2

Proof. Substituting (7.17) into (7.7) with optimal MMSE receiver, I get:

MSE (fl[) = G*g ((Z?PgD[flgfl?DgH + \I’g) G*gl - (Z[\/P_g(G*ngflg +fl?DgHG*§I) +1.

From (7.22), (7.21) and the SVD of ¥, I have:
G*(Dche = gevive = gellvell:
G* WGy =gvilve = g lvell’,
substituting this into (7.72) I obtain

MSE (v¢) = a2 PegtIvell* + g21Ivell* = 2acy/Pegellvel I + 1,

85

(7.72)

(7.73)
(7.74)

(7.75)

where g¢ is also a function of [lvel|? according to (7.23). Substituting (7.23) into (7.75) gives the lemma

after some algebraic manipulations.
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Chapter 8

Applications of the Results: Pilot-to-Data Power Ratio
Balancing in the Massive MIMO Concept by the METIS
Project

8.1 Background 1: Long Term Evolution and SG Networks by the 3rd
Generation Partnership Project

Currently, the Long Term Evolution (LTE) networks defined and developed by the 3rd Generation
Partnership Project (3GPP) are the fastest growing cellular technology in history. Indeed, almost a
quarter of all global mobile subscribers are using LTE, and it is expected that by 2021 this will increase
to more than half of all subscribers, accounting for approximately 4.3 billion subscriptions. In certain
regions, such as Korea, Japan, China and the U.S.A, LTE has already reached or exceeded 90 percent
penetration [64]. The technology footprint of 3GPP technologies in general and LTE in particular, has led
to unprecedented economies of scale, which, in turn resulted in a rapid growth of technology solutions
that enable LTE to operate with high spectral and energy efficiency in a great number of spectrum bands.

As the demands for higher throughput and more data capacity, particularly for video, and better
broadband services continue to be growing, the mobile industry is now focusing on developing a new set
of technology enablers and features, collectively recognized as the 5™ generation (5G) mobile technology.
5G, often referred to as New Radio (NR) in 3GPP, is also targeted to meet the diverse requirements
imposed by vertical markets, including massive machine type communication between sensors and
actuators, ultra-reliable and/or low latency communication and a host of various Internet of Things (IoT)
applications.

MIMO systems involving a number of antenna elements with an order of magnitude larger than in the
early releases of wireless standards is a quickly maturing technology developed by the 3GPP. Indeed,
an ongoing work item of 3GPP for the Release-14 of the Long Term Evolution (LTE) is identifying the
technology enablers and performance benefits of deploying up to 64 antenna ports at wireless access
points and BSs. While this is a significant increase of the number of antenna ports as compared with
today’s typical deployments, to fully realize the promises of scaling up MIMO to very large (referred to
as full dimension or massive MIMO) arrays in practice requires further research and system development
work.

8.2 Background 2: MIMO Systems for SG Developed in the METIS Project

As the standardization of massive MIMO systems in the 3GPP progresses, the research community has
started to explore the potential of very large arrays as an enabler technology for meeting the requirements
of 5th generation systems. Indeed, in its final deliverable, the European 5G project Mobile and Wireless
Communication Enablers for the 2020 Information Society (METIS) identifies massive MIMO as a key
5G enabler and proposes specific technology components that will allow the cost efficient deployment
of cellular (and specifically 3GPP) systems taking advantage of hundreds of antennas at cellular base
stations. The main findings of the METIS project are summarized in [65].

One of the technology components is CSI acquisition and handling the inherent pilot-data resource
allocation trade-off in a near optimal fashion.

87
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8.3 Application: Channel State Information Acquisition in the METIS 5G
Concept

Understanding and managing the inherent trade-offs related to CSI acquisition in massive MIMO systems
is fundamental to the design of such systems [4], [5], [7]. As it has been discussed in details in [4], the
level of pilot contamination in terms of the number of users using non-orthogonal pilot sequences can
be controlled by, among other techniques, setting the pilot sequence reuse factor across the cells of a
multi-cell system.

Also, the effect of pilot contamination can be mitigated by downlink pilot contamination elimination
precoding (PCEP) proposed by [5]. In my approach, the level of pilot contamination is controlled by
adaptively setting the pilot reuse factor and balancing the pilot-data power ratio, which is beneficial for
both the uplink and downlink performance.

When operating in limited coherence time and frequency channel conditions, the number of symbols
that is available within the coherence time of the channel is limited and the inherent trade-offs between
allocating resources to pilot and data symbols include the following:

* Allocating more power, time, or frequency resources improves the quality of the channel estimate,
but leaves fewer resources for uplink and downlink data transmission.

* Constructing longer pilot sequences helps to avoid tight pilot reuse in multi-cell systems, which in
turn helps to reduce or avoid pilot contamination. On the other hand, spending a greater number of
symbols on pilots increases the pilot overhead.

* In multiuser MIMO systems, increasing the number of orthogonal pilot sequences may increase the
number of spatially multiplexed users, since a larger number of orthogonal pilot sequences enable
the system to distinguish a larger number of users in the code domain. However, this comes at the
expense of having longer pilot sequences.

The METIS massive MIMO concept combines the coordinated allocation of resources available for
pilot (reference) signals across multiple cells and the balancing of the pilot-data resources within each
cell [8]. For pilot contamination mitigation the Operation and Maintenance System employs low-rate
multi-cell coordination to set the pilot reuse factor (e.g. pilot reuse-1 or pilot reuse-3) depending on the
cell load and the coherence time budget that can be used for creating pilot sequences.

For example, at pedestrian speed of 1.5 m/s and outdoor cell radius of around 1000 m at 2 GHz
carrier frequency, the number of symbols within the coherent bandwidth and time are around B -T = 300
KHz x 25 ms = 7500, whereas this coherent budget is only a few hundred symbols at vehicular speeds
(with coherence time of T ~ 1.25 ms). Notice that even a greater-than-one pilot reuse scheme does not
eliminate pilot contamination, since pilot interference can be caused by all surrounding cells. Therefore,
within each cell, each mobile station employs pilot-data power ratio balancing at a fine time scale to
maximize spectral efficiency [8].
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Chapter 9
Summary

9.1 Thesis I: Pilot-to-Data Power Ratio in Single User Systems

Thesis I considers a single input multiple output SIMO system in which the MS balances its PDPR,
while the BS uses LS channel estimation to initialize its linear MMSE equalizer. Thesis I is concerned
with calculating the MSE of the uplink estimated data symbols based on the uplink received data signal
and the available channel estimate by the multiple antenna BS.

Theorem 9.1. Let the number of receive antennas at a multiple antenna BS be denoted by N,. The
expected value of the mean square error of the equalized symbols is

IE{MSE} = &*N, (g(a, 1+N,)+prG(1+ Ny, 1+ N,) — 1) +
b
+—|G(@.N) +prG(Ny.N;) = 1) =2d - (prG (N, 1+ N;)) + 1
pr
where P is the transmit power employed by the MS for transmitting the data symbols, p = P, a 2
E

=04,
« is the large scale fading, o is the noise power at the receive antenna, b = gp+ o>, R £ {flAH} =
2
C+-Z=1I=rl and

PPa?

g(x,)’) = ie’%XEin(y, i)a
pr pr

and E;,,(n,7) £ flm e % /t" dt is a standard exponential integral function.

9.2 Thesis II: Minimum Mean Squared Error Receiver in the Presence of
Channel State Information Errors

Thesis II is concerned with deriving an explicit formula for a receiver that minimizes the mean squared
error of the estimated data symbols when the receiver has a non-perfect channel estimate. Thesis II also
derives a closed form expression for the MSE when this optimum receiver is used, as a function of the
number of receive antennas and the applied data and pilot power. Specifically, using the notation and
terminology of Thesis I, I have the following results.

Let « be the index of a tagged user in a MU-MIMO system of K users, k = 1...K, and let G} denote
the receiver vector that minimizes the MSE of the estimated data symbols of the tagged user.
The optimal MU-MIMO receiver vector for User-« is as follows:

Theorem 9.2.1 The optimal G} can be derived as:

G = a,\/PhIDH.
-1

K
.(aiPK (Dkﬁkﬁ,f’DKH + QK) + ZaiPka + o—él) , ©.1)
k#k
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Next, it is of great interest to determine the MSE of the estimated data symbols when employing G}
as the receiver of the tagged user. To this end, the following result holds.

Theorem 9.2.2 The unconditional MSE of the received data symbols of User-k when the BS uses the
optimal G receiver is as follows.

MSE =

Nr(_skr+effr(b,<+(1+Nr)sKr> n(1+N,, 2 r))

Sk +
g sZr
D b
—ser+es«r (be+ Nyser)Eip (N,, o )
+ by - ) -
Sl
bk
—2-esTrN,E,-,,(1 +N,, b—“) +1, 9.2)

K

where E;,,(n,z) = f e % [t" dt is a standard exponential integral function.

9.3 Thesis II1: The Impact of Antenna Correlation on the Pilot-to-Data Power
Ratio

Thesis III is concerned with determining the MSE of the estimated data symbols at multiple antenna
receivers with correlated receive antenna structures. Specifically, Thesis III allows for an arbitrary
correlation matrix structure at the multiple antenna receiver and derives a closed form expression for the
MSE of the received data symbols as follows.

Theorem 9.3.1 The mean square error (MSE) of the uplink received data with arbitrary covariance
matrix C of the uplink channel can be calculated as

MSE = T +T, +T3 + 1, (93)

where

n= 3 Y de

0, 0#k

20 1 1 i
xo°/(a”P) I—[ i dx+
x+l"k x+rf i x+ri

—xo‘z/(a2P)
Zk: L (x+rk)2 ]_[x+r, *

1 e —x o’ 1 ri
T = szk xe ~o?p l_[ dx;
a“P T X=0 X+rg X+r;

and
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e 1 ri
N =t §
X x=0 X+rg X+r;

4

where Sm 2 @ PSq + 0L is a diagonal matrix with diagonal elements my = Sy = @*>Pqx + 0%, where
k= SQp-

9.4 Thesis IV: Block and Comb Type Channel Estimation

Thesis IV derives analytical results for the spectral efficiency of MU-MIMO systems, in which the
overall resources must be shared between channel estimation and data transmission. Specifically, Thesis
IV shows that the spectral efficiency in MU-MIMO systems is not only a function of the PDPR, but it
also depends on the specific channel estimation scheme, as given by the following results.

Theorem 9.4.1 (Spectral efficiency with LS estimation) Assume C = cIy,, where ¢ € R*, then the
average spectral efficiency with LS channel estimation and MMSE receiver is

S = (t—1) (ZQ(xo)—Q(X1)—Q(X2) B
LS T (N, — 1!

log(d — 1)2) 9.4)

2
. 1 202-2do*+b 202-2do2+b 404 2
W”hxm:i(_ SNt i\/( St )_ pz(;_l)z),xo: Top=a’Pb=qp+o’ g=c(l=c/r,

2
— o
r=c+ a’Pp1p’

and where

0,1

AT 1,3
G(x) = Mel.]eer,3 ( 0.0.N,

f) , 9.5)
,
is the Meijer G-function.

Theorem 9.4.2 (Spectral efficiency with MMSE estimation) Assume C = cly,, where ¢ € R, then
the average spectral efficiency with MMSE channel estimation and MMSE receiver is

(T—1p)

G 2G(x3) - G(x4)
SMMSE = (IOg(pb) + N1 9.6)
with x3 = ‘772 x4 = ;j—,j b=gp+0o2 q= % and G(x) defined in 9.4.1.

9.5 Thesis V: The Pilot-to-Data Power Ratio in Multiuser Systems

Thesis V derives analytical results for the MSE of the received data symbols and the overall spectral
efficiency of MU-MIMO systems, in which the overall resources must be shared between channel
estimation and data transmission, and the receive antennas are correlated according to an arbitrary
correlation structure.

Let

K
W, 2 ajPQr+ ) apPiCr+ oy, 9.7)
k#t

and
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¥, =0/'S,0, 9-8)

denote the singular value decomposition (SVD) of W,. Furthermore, define the linear transformed
version of the estimated channel h, as:

ve=S;'?0,Dhy, 9.9)
and denote the distribution of v, as:
Ve~ CN(0,Qp), (9.10)
where
Q 2 Evvi) =S,"°0,DRDHOHS,;',
and denote the SVD of Q,:

Q; =0f Sa0q (9.11)

where @gq, is an orthogonal matrix.
Also, denote the linear transform of v, with wy,

wy = @Q[V{’ s (912)

and its diagonal covariance matrix with Sq.

'With this notation, the MSE and the SE can be calculated as follows:
Theorem 9.5.1 Denote the variance of w; with Elz Then, |w;|? is exponentially distributed with param-
eter 4; =1/ 51.2, and the mean squared error of the received data symbols can be calculated as:

MSE=f2;f(x)dx, (9.13)

angx+l

while the spectral efficiency can be calculated as:

77=—f10g
X

where ay represents the large scale fading (path loss) of User-C, and f(x) is the the density function

N
0f2i=r1 |(’-)i|2:

I ] f(x)dx, 9.14)

Q’%P[)C +

f(x) =e] e*en, An,, (9.15)
where e; is the i-th unit vector (whose only nonzero element is 1 at position i), and the matrix A is:
- A
-2 A3
A= ) ] ) (9.16)
-An,

For the special but important case, when all non-zero &; (and A;) are distinct (different), the following
result holds:
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Proposition 9.5.2 When all non-zero &; (and A;) are distinct (different), then

N -A;x
Aje™
fe=) — 9.17)
i=1 A;
1= 28
, 1_[ » ( A; )
J=Lj#i -
and the mean squared error can be calculated as:
=N 4
N2 er By (1,2)
MSE = ~ , (9.18)
i=1 A
» 110-3)
j=lj#i J
where p = o’ Py.
The SE can be calculated as follows:
2-N A
N7 e Ey(1,7)
_ i P
n= Z _ . (9.19)

i

j=Lj=#i 4
In the special but important when all variances of w are equal, the following proposition holds:

Proposition 9.5.3 Suppose & = & = A7V/2, Vi < N. Then, f(x) follows the Erlang distribution as
follows:

/lN N-1_-Ax
(N, ) = ﬁ (9.20)

and the MSE is given by:
A a A
MSE = Z¢¥ E;, (N, _), (9.21)
p p

and the spectral efficiency can be calculated as:

6 02)
TN N-D! :
where
A . 3,1 _Nr;_(Nr_l)
G(x) = Mel']erGl,o( “N,.—N,.0:. x), (9.23)

is the Meijer G function.
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