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Kurzfassung

Diese Arbeit befasst sich mit Synchronisations- und Entzerrungsalgorithmen fiir frequenzse-
lektive Multiple-Input Multiple-Output (MIMO) Systeme. Der Schwerpunkt liegt auf Line-of-
Sight-MIMO-Ubertragungen bei Millimeterwellenfrequenzen fiir Backhaul-dhnliche Szenari-
en. Der gewdhlte Ansatz ist ferner allgemein fiir MIMO-Systeme mit rdumlichem Multiplexing
giiltig. Es wird gezeigt, dass in einem drahtlosen Ubertragungssystem typischerweise zwei
Synchronisationsbeeintrachtigungen vorhanden sind, ndmlich Tragerfrequenzversatz und
Symboltaktunterschiede. Beide existieren aufgrund der Nachfrage nach Hardware- und ins-
besondere Oszillator-Implementierungen mit geringer Komplexitit. Sie konnen mit einem
Phasenversatzprozess bezogen auf den jeweiligen idealen Sollwert charakterisiert werden. Die
Beeintrichtigungen fithren dazu, dass die beobachtete Kanaliibertragungsfunktion zwischen
Sender- und Empfangerbasisband im Allgemeinen zeitvariant ist. Fiir MIMO-Systeme, in
denen mehrere Transceiver verwendet werden, wird gezeigt, dass je nach Hardware-Aufbau
eine unterschiedliche Anzahl dieser Phasenprozesse zu beobachten ist. Wenn zum Beispiel
die Transceiver auf beiden Seiten der Verbindung weit voneinander entfernt sind, ist es oft nur
schwer méglich, eine Frequenzreferenz zwischen ihnen zu teilen. In diesem Fall existieren so
viele unabhingige Phasenprozesse wie Transceiver im System.

Es werden zwei auf Trainingssignalen basierende Kanalschitzverfahren vorgeschlagen, um die
Phasenprozesse und die zeitverdnderlichen Kanaleigenschaften zu identifizieren. Eines davon
ist eine Korrelationsmethode, die ein aus der Literatur bekanntes Verfahren ist, aber in dieser
Arbeit erstmals fiir den Fall mehrerer Synchronisationsbeeintrdchtigungen, insbesondere
mehrerer Symboltaktunterschiede, in einem MIMO-System untersucht wird. Als Alternative
wird die adaptive Filterung zur direkten Identifikation und Verfolgung des zeitvarianten Sys-
tems vorgeschlagen. Fiir beide Ansédtze werden Empfehlungen zur Parameterauswahl gegeben.
Insbesondere werden einige neue Ergebnisse fiir die Schrittweitenwahl des adaptiven Filters
fiir MIMO-Systeme mit mehreren Synchronisationsbeeintriachtigungen abgeleitet. Standard
und adaptive Entzerrung werden zur Kompensation der Kanalbeeintrachtigungen diskutiert.
Es zeigt sich, dass die Komplexitidt der Entzerrung stark von der Oszillatoranordnung abhéngt.
Fiir den allgemeinsten Fall wird beispielsweise der komplexeste Entzerrer benotigt, welcher
tiberabgetastet ausgefiihrt werden muss.

Simulations- und Messergebnisse bestdtigen, dass die vorgeschlagenen Schétz- und Entzer-
rungsstrategien praktikabel sind und zeigen, dass eine drahtlose Ubertragung mit mehreren
Gigabit pro Sekunde mit einem raumlich-multiplexenden Line-of-Sight-MIMO-System mog-
lich sind, selbst wenn fiir jede Transceiver-Kette unabhingige Oszillatoren verwendet werden.
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Abstract

This work considers the problem of synchronization and equalization for frequency-selective
multiple-input and multiple-output (MIMO) systems. The focus is on line-of-sight MIMO
transmission at millimeter-wave frequencies for backhaul-like scenarios, but the approach
is generally applicable to MIMO systems using spatial multiplexing. It is shown that two
timing impairments are typically present in a wireless transmission system, namely carrier fre-
quency offset and sampling frequency offset. They exist due the desire for low-complexity
hardware, and in particular oscillator, implementations. Both of them can be characterized
with a phase offset process with respect to their ideal nominal value. These impairments
cause the observed channel characteristic, between transmitter and receiver baseband, to
be time varying in general. For MIMO systems, where multiple transceivers are used, it is
discussed that a different number of these phase processes will be observed, depending on
the hardware setup. For example, when the transceivers are widely separated on either side
of the link, sharing a time reference between them may be infeasible, meaning that as many
independent phase processes as transceivers exist in the system.

Two training signal based channel estimation techniques are proposed, in order to identify
the phase processes, and the time-varying channel characteristics in general. One of them
is a correlation method, which is a standard technique known from the literature, but will
in this work be firstly investigated for the case of multiple timing impairments, especially
multiple sampling frequency offset processes, in a MIMO system. As an alternative, adaptive
filtering is proposed for direct identification and tracking of the time-varying system. Pa-
rameter selection recommendations for both approaches are given. In particular, some new
results for the step size selection of the adaptive filter for MIMO systems with multiple timing
impairments are derived. Standard and adaptive equalization are discussed for dealing with
the channel impairments. It is seen that standard equalization greatly simplifies, depending
on the oscillator setup. However, for the most general case, the equalizer needs to be fully
fractionally spaced.

Simulation and measurement results corroborate that the proposed estimation and equal-
ization strategies are viable, showing that multi-gigabit per second wireless transmission
is feasible with a spatial-multiplexing line-of-sight MIMO system, even when independent
oscillators are used for each transceiver chain.

Keywords: synchronization, equalization, MIMO, LoS, spatial multiplexing, frequency offsets,
symbol timing, parameter estimation, adaptive filters, mmWave, 60 GHz, multi-gigabit per
second, measurement
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|§ Introduction

1.1 Synchronization and Communication

Synchronization is one of the fundamental processes in nature and technology, ranging from
nature spectacles like fireflies flashing in unison on the river banks of Mexico, in order to
attract mating partners, over the pulsing behavior of neurons to process information in the
brain, to the calibration of vast antenna arrays, in order to detect the faintest signals from
the beginning of the universe, [1, 2]. In essence, the task is described by matching the time
reference of two or more spatially-separated systems. This can be achieved in a number of
ways, like sharing the time reference between the systems, using high precision references for
each system, or adjusting the time references of the systems after measuring their differences.
Examples for these approaches are: distribution of a laser reference through fiber optic cables
in radio astronomy [2], using highly accurate atomic clocks to provide the time references
for navigation satellites, and adjusting a wrist watch after noticing a difference with respect
to (w.r.t.) the standard time. From these examples, we can already identify one of the main
goals in the field of synchronization, which is to use as few highly accurate time references
as possible, since they are typically bulky, complex and expensive. Going back, the current
navigation satellite standards have had such an incredible success because billions of users
can rely on the tight synchronization between the different satellites, and do not require such
a precise time reference themselves. Likewise, billions of watches can be set and updated
periodically, some of them automatically, to one highly precise standard time, lowering the
cost per watch significantly.

For communication systems, synchronization is required to reliably detect the message that
has been transmitted. This includes finding the beginning of the message, as well as matching
transmitter (Tx) and receiver (Rx) frequencies, and transmission rates [3, 4, 5]. The difference
in the frequencies and rates occurs because the time reference in Tx and Rx are, due to their
spatial separation, subject to different environmental impacts, and also simply vary due to
manufacturing variability. Only when they are matched can the maximum possible amount
of information be transmitted across the link. To be more specific, the focus of this work is
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on undesired timing impairments in these systems, which have to be resolved. For example,
assume a radio broadcast station that is transmitting at 94.50 MHz, but a receiving radio
that is tuned to 94.40 MHz. Although automatic retuning of the Rx to 94.50 MHz could be
treated as a synchronization problem, the focus here is on the case where the receiver is set to
94.50 MHz, but the inherent impairments of the circuitry only allow frequency generation of,
e.g., 94.49 MHz.

The more transmit and receive nodes exist in the system, the more timing impairments have
to be corrected, when a joint processing, e.g., to cancel interference, is desired to achieve
high throughputs. In radio terms, imagine two different radio stations transmitting on the
same frequency, with two receivers each wanting to receive only one of the stations, but
actually receiving a superposition of both. The benefit of such a system is immediately clear,
the two radio stations do not need to be separated in frequency, but can transmit on the
same frequency resource, given that the interference of the other station can be canceled at
the corresponding receiver. This essentially doubles the throughput compared to the more
common system setup, where the stations are separated in frequency. It will be seen in this
work that in order to cancel the interference, it is required that some joint processing, having
knowledge about all the timing impairments in the system, is carried out. Such a system with
multiple transmitting nodes and multiple receiving nodes using some joint processing to
cancel interference, and transmitting on the same frequency resource, is called a multiple-
input and multiple-output (MIMO) system. For such systems, synchronization is relatively
straightforward when a shared time reference is considered for the nodes on the transmitter
and receiver side. The other configuration with independent time references for each node
has only been treated to a limited extent in the literature, is significantly more complex, and
will be the main focal point of this work.

1.2 Application Examples & mmWave LoS MIMO

This thesis is written with a main application in mind, namely high throughput backhaul
in a line-of-sight (LoS) scenario. With the increase in mobile data demand, the need for
flexible low power and high data rate backhaul solutions also rises [6]. One solution to the
increased backhaul traffic demand is to use wireless LoS MIMO systems at millimeter-wave
(mmWave) frequencies. These systems offer great deployment flexibility, and can achieve
high data rates in the order of 100 Gbit/s [7, 8, 9] through their large available bandwidths
(10, 11, 12], and good spatial-multiplexing capabilities [13]. Spatial multiplexing describes the
technique mentioned in the previous section, where multiple independent data streams may
be transmitted during the same time and on the same frequency, increasing the throughput
of the link. For spatial multiplexing to work in LoS conditions, the different transmitting and
receiving nodes need to be widely separated on each side of the link [14, 15, 16], making the
sharing of a common time reference difficult. Using multiple independent time references
can, thus, be a requirement for these systems. LoS MIMO as a technique is, furthermore,
particularly suited for mmWave systems, since such systems often require LoS conditions and
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highly directive antennas to start with, in order to generate sufficient link margin. Another
benefit is that due to the short wavelength and relatively short link distances, the required
node separation for LoS MIMO systems is in a practically feasible range.

The considered wireless LoS MIMO systems are also a feasible solution for other applications,
such as a short range wireless bus for data centers, short range fixed indoor data kiosk systems,
vehicle-to-vehicle transmissions, or satellite systems [17]. More generally, the synchronization
task dealing with multiple independent time references also needs to be addressed for other
spatially-separated MIMO configurations, e.g., spatially-multiplexed multi-user systems [18],
cooperative basestations, or other distributed antenna systems [19]. The last topic also leads
to beamforming systems, where synchronization of a potentially huge number of different
time references may be required [20, 21, 22, 23]. If synchronization cannot be achieved on
the array level for such systems, beamforming becomes infeasible, as the weights need to be
adapted continuously to compensate the variations due to the time reference differences.

1.3 Contributions of the Thesis

This section will briefly summarize the main outcomes of the thesis, what is different compared
to results from the literature, and which system cases will not be explicitly considered. The
following list sums up the main contributions:

e Full carrier and sampling phase process modeling, including the case where the sam-
pling phase offset process is continuously changing, and not just a fixed sample phase
offset as it is often approximated as in the literature.

» System description for different sampling scenarios, and under different timing impair-
ments.

* Consideration of parallel linear filters for each MIMO transceiver, to account for different
linear distortions of each chain.

* System model including multiple independent carrier and sampling phase processes.

* Correlation-based estimators for frequency-selective MIMO channels with multiple
independent carrier and sampling phase processes.

* Separation of transmitter and receiver contributions from the carrier and sampling
phase difference process estimates.

* Adaptive filter for estimating and tracking the complete time-varying MIMO channel
including the timing impairments.

* Selection of a well-performing step size for the adaptive filter in the MIMO system
estimation case with multiple carrier phase offset processes.
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* Selection of a well-performing step size for the adaptive filter in the MIMO system
estimation case with multiple sampling phase offset processes.

* Discussion of different oscillator setups and their impact, in particular, for equalization.

* Investigation of the viability of adaptive equalization for LoS MIMO systems with multi-
ple timing impairments, and step size selection guidelines for adaptive equalization in
such systems.

* Measurement results characterizing LoS MIMO systems at 60 GHz.

* Measured adaptive equalization results for a two- and four-antenna spatial-multiplexing
LoS MIMO system, achieving multi-gigabit per second data rates.

Compared to the literature, the main difference is that the two timing impairments, i.e.,
carrier frequency offsets (CFOs) and sampling frequency offsets (SFOs), as well as a frequency-
selective MIMO channel, are considered at the same time. In general, the goal is to give a
comprehensive overview of synchronization and equalization in spatial-multiplexing MIMO
systems with multiple timing impairments. Especially the presence of multiple sampling
phase processes is novel, and has only been treated scarcely in the literature. Frequently,
synchronization is about computing an error signal and using it for compensating the timing
impairments through some form of feedback. For MIMO systems with multiple timing im-
pairments, the situation is more complicated as the error signals contain multiple frequency
differences, which have to be matched to the corresponding transceiver chain. We will assume
that the frequencies of the independent oscillators of the spatially-separated transceivers are
approximately accurate, i.e., the residual frequency errors are in the parts-per-million (ppm)
range. The focus will be solely on digital synchronization algorithms, where no feedback to the
analog domain is assumed possible or necessary, because that has been the foregoing trend in
the communications engineering literature and system designs. This is especially beneficial
as only some common baseband processing is required, while the analog transceivers can be
fully separated. Throughout this work it will, accordingly, be assumed that a joint processing,
i.e., a central receiver collects the signals from all receivers, is possible. Note, however, that
for some oscillator setups or channel conditions, separate processing directly follows from
the shown results. Additionally, low-complexity adaptive filtering has not been considered in
order to deal with the multiple timing impairments in such MIMO systems. It was noted in
[24, 25, 26] that fractionally-spaced adaptive equalizers can deal with part of the timing im-
pairments in single-input and single-output (SISO) systems. Particularly, Gardner [25] noted
that symbol-timing adjustment is partly done by adaptive equalizers, but that this notion
should be reconsidered for high-speed systems. We propose here that adaptive equalization is
aviable solution especially for such systems, where data is abundant and the relative change
in the channel is fairly slow, in order to deal with both timing impairments.

This work will not consider coding, or joint equalization and decoding, mainly due to the
complexity and breadth that this topic brings, especially for multi-gigabit per second systems.
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Transmit signal shaping, e.g., precoding, will not be considered explicitly, as it can change the
correlation structure of the input signals, meaning that some of the assumptions, which are
used in this work, do not hold anymore. Additionally, the impact of Doppler shifts will not
be explicitly treated, as we are mostly interested in quasi-static backhaul-like transmission
links. However, most of the effects due to Doppler create a similar behavior as the carrier and
sampling frequency offsets, which will be treated extensively throughout the work. Finally,
the sample drop and add problem, which occurs for long-time continuous transmission due
to the difference between transmitter and receiver rate, will not be treated explicitly. We will,
however, briefly explain the problem, where it is coming from, and point to solutions from the
literature. For the results that are shown in this work, this problem was made negligible by
choosing burst transmissions of convenient length.

1.4 Thesis Organization

In chapter 2, the basic fundamentals for MIMO systems, and in particular LoS MIMO, are
described. It is derived how the system model arises, and why and when spatial multiplexing in
LoS conditions is feasible. The discrete-time models of different MIMO system configurations
are laid out, introducing several of the basic signal vectors that are used throughout the work.
A basic introduction into the influence and behavior of oscillators in communication systems
is included, describing the problem of frequency differences, and introducing a phase process
model that can be used to represent the frequency differences. Furthermore, the influence of
oscillators on MIMO systems is briefly discussed. Finally, the chapter contains a summary of
the most important results for MIMO systems with timing impairments.

Chapter 3 deals with parameter estimation for frequency-selective MIMO systems with mul-
tiple timing impairments. Some basic one-shot estimators, stemming from a maximum-a-
posteriori (MAP) approach, are derived, and the need for training signals in MIMO systems
is discussed. Further, one-shot estimators for different specific MIMO system models are
developed, which simplify processing and separate the different parameters. As an alternative
to these approaches, estimation based on adaptive filtering is proposed. The basics of adaptive
filtering based on the least-mean-squares (LMS) principle are described, and the significant
statistics for MIMO systems with timing impairments are derived. Convergence and tracking
behavior for estimation are investigated, and several different suggestions on how to select
the adaptive filter parameters are given. Some of them are optimal solutions under some
conditions and require certain approximations. At the end of the chapter, simulation results
for both estimation approaches are provided, showing their performance.

Equalization and synchronization for MIMO systems with multiple timing impairments is
described in chapter 4. It is shown how the estimated parameters can be used for equalization,
and how equalization and synchronization interact. Separation of the timing impairments
from the MIMO channel is discussed, and simplified equalization schemes for different
system configurations are derived. As an alternative, adaptive equalization, also based on
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adaptive filtering, is introduced to directly deal with all channel influences simultaneously.
Convergence and tracking for the equalization case are investigated, and some suggestions for
selecting the adaptive equalizer parameters are given. Simulation results are provided for the
adaptive equalizer in different system scenarios.

Chapter 5 provides experimental results with a practical mmWave setup. The basic measure-
ment setup is described, and the LoS MIMO spatial-multiplexing capabilities are measured.
Furthermore, some statistical variations of LoS MIMO channels and systems at mmWave
frequencies are quantified. In particular, the change in carrier phase difference processes
with different oscillators is shown. Finally, the adaptive equalization performance for a two-
and four-antenna setup, with independent oscillators for carrier frequency generation, is
investigated.

The thesis concludes with chapter 6, which summarizes the most important aspects of the
work, and describes open topics that require further investigation.

Two appendices augment the thesis. In appendix A, additional information about oscillators,
timing impairments, and their impacts, supplementing the material of chapter 2, can be found.
Appendix B contains additional derivations for the parameter selection of the adaptive filters
proposed for channel estimation in chapter 3.

1.5 Remarks on Notation and Normalizations

In this thesis, vectors and matrices are defined with bold letters, with vectors being, further-

more, defined as column vectors, e.g., x[k] = [xl (k] x2lk] --- xpnlk] T. The discrete-time
index k will always be associated with the nominal receiver sampling rate. Accordingly, when
the oversampling factor is chosen as Q = 1, this means that y,, [k] will correspond to the kth
received symbol from the mth antenna. For Q > 1, y,,[k] corresponds to the kth sample
from the mth antenna. Oversampled quantities, like this sample, and variables related to the
sampling process are marked with a small dot above, i.e., (-). The discrete-time notation will
sometimes be overloaded, in that we write h,,, [] + (Z)] for a discrete-time impulse response.
Rigorously, the discrete-time version is only defined for integer values in the squared brackets.
When we write hy,, [ + (b], we mean the discrete samples of h,,(f) at sampling phase gb, in
order to make the difference compared to the nominal ideal sampling rate more visible. Most
of the variables should be considered complex, especially when dealing with signals. It should
be clear from the context when a variable is just real. Throughout this work, we tried to stick
to the convention of transmitter-receiver space-time (TxRx-ST) stacking, meaning that first
Tx/Rx space and then time are stacked, for vectors where this is applicable. For example,
consider the discrete-time finite-length channel impulse responses in a MIMO system iy, [/]
that are associated with the mth receive antenna. The corresponding channel vector is then

T
stacked ash,, = [hml [0] --- hpn[0] -+ hpnlL-1] --- hyuN[L- 1]] . The definition of
probability density functions will be a bit lax in order to avoid a lengthy notation. In particular,
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p(x) will mean the probability density function (PDF) of the random variable X, which is
mathematically and notationally more precisely defined as px(x), in order to distinguish be-
tween the random variable itself and its realization. The same thing also applies to operators
on random variables, for example E[x], which should be E[X]. To shorten notation, the time
index k will sometimes be omitted for quantities with time-varying statistical properties, e.g.,
the time-varying expected value E [ X [k]] = E [x[k]] may be simplified to E[x]. It should be clear
from the context, when this is the case.

For practical reasons!, a per antenna average transmit power constraint will often be employed.
Furthermore, the channel impulse response of any sub-path, i.e., each connection between
the nth Tx and mth Rx, will be normalized to fulfill ¥"; |, [1]|> = 1. This impulse response
normalization, i.e., the same power for each sub-connection, implicitly means that there
is equal sum gain between all Tx and Rx antennas assumed, while in a practical scenario
sub-connection power differences, e.g., due to antenna pattern differences, can be observed.
To summarize, the two assumptions mean that adding transmit antennas increases the sum
transmit power of the complete system, while adding receiving antennas increases the amount
of transmitted power that is captured at the receiver. Additionally, the fixed input power of
one antenna is distributed over all multi-path components, according to the significance? of
each path.

An overview of most of the used nomenclature and all abbreviations can be found at the end
of this work.

11n most cases, we will use the maximum amount of efficiently available power in a transmitter, unless otherwise
required, for example, through regulation, in order to maximize SNR.

2For example, when comparing a single-path with a multi-path channel, the complete transmitted power is
concentrated in one path for the first, while it is distributed over all paths in a certain manner for the second.
Practically, the power of one path does of course not reduce, when an additional one is observed. However, this
normalization is mathematically convenient, because it means that the received power does not depend on the
exact characteristics of the channel.



A MIMO System Modeling & Synchro-
nization Essentials

In this part, the main MIMO system modeling foundations are laid out, including generalized
formulations for the effects of frequency-selective channels and independent oscillators for
each of the MIMO antennas.

2.1 Continuous-Time Band-Pass MIMO Model

Before describing the more commonly used complex baseband notation for MIMO systems, a
brief description of the signal in the actual transmission band is carried out, in order to outline
why LoS MIMO can achieve spatial-multiplexing gains, and to describe some peculiar effects
that occur due to high carrier frequencies and large bandwidths.

Consider, without loss of generality, the transmitted real band-pass signal from the nth trans-
mit antenna to be given by

sn(D) = V2Re{%, (D) -exp (j (27 fron - t+ P1xn))} 2.1)

where X,(t) is the complex-valued baseband signal with symbol (or baud) rate 1/ Ty, fr , is the
carrier frequency from the local oscillator (LO) of that nth transmitter and ¢y 5, is the phase of
that LO!. Figure 2.1 shows a typical Tx system diagram for one antenna and the corresponding
linear model, which will be used throughout the work, confer also [4]. The corresponding Rx
diagram can be seen in Figure 2.2. The different components will be described in more detail
in the following sections.

A linear time-invariant? band-limited wireless-transmission channel can be modeled as a

IFor ease of exposition, the independent oscillators are assumed to generate a single frequency or spectral line
with a fixed phase, both not necessarily the same, here. The practical case where deviations from those perfect
frequencies and phases occur will be considered later on. Although different frequencies occur, it is assumed that
the difference is very small, e.g., in the order of ppm, such that transmission still happens approximately in the
same frequency band.

2This assumption is made, since the focus of this work is on backhaul systems with stationary transmitters and
receivers. It will be seen later that the observed channel, including the hardware impairments, is time variant.
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Baseband Signal :'_ Up- Band-Pass Power I

DAC converter Filter Amplifier
Analoé ']:i‘near
Filter Effects
v v v
xpll] Xn(1) sn (1) T
I TTX,I’l \/z . ej (znfl‘x,n t+¢'l‘x,n)

Figure 2.1: Exemplary transmitter system diagram, and the corresponding linear system model
components, for one antenna of a MIMO system.
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Figure 2.2: Exemplary receiver system diagram, and the corresponding linear system model
components, for one antenna of a MIMO system.

number of paths arriving at different times and with different gains [4, 27, 28] at the various
receive antennas, i.e.,

Lyn—1
n r—1
hgp,mn (1) :ZRe{ > amn,lsinc(n—mn’l)-exp (jannom-t)}, 2.2)
1=0 nom

where hgp, i, (1) is the band-pass channel impulse response between nth transmit and mth
receive antenna. Furthermore, L, is the number of different paths for that antenna pair, a. is
an amplitude coefficient, sinc(-) is the sinc function, fhom is the nominal carrier frequency,
and Tyom is the nominal receiver sampling interval. The last two quantities will be discussed
in more detail later on. The parameter 7. is the respective propagation delay [4, 27] of the
different paths, which is given by the length of the particular path r,, ; and the speed of light
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¢ with

'mn,l

(2.3)

Tmn,l =

The band-pass signal at the mth receive antenna before downconversion is then given by

N
Pm(8) =Y hp mn(£) * $p() + Ry (2) (2.4)
n=1
N Lpy,—1
2 )Y A Sn(E=Tmp) + N (0) 2.5)
n=1 [=0

N L
Z Z Amn,l " \/_Re{xn(t Tmn,l) " exp('(ZHfo,n'(t_Tmn,l)+¢Tx,n))} 2.6)

m(t);

where * denotes convolution®, and n,,() is the noise process at the receiver, assumed
to be white and Gaussian. Additionally, it was assumed that Tyom < Ts, meaning s,(f) *
sinc (n%) = 8y, (f — Tun,1)- Finally, downconverting the mth received signal to baseband,

using suitable low-pass filters hy, (D)4, see [4] for details, and omitting the impact of noise

yields
(0 = [rm(0)-V2exp (=] (27 fiosm £ + brsm)) | * Bm(0) 2.7)

N Lp,—1

= Z Z Amn,1 " Xn(t = Tmn,1) - €XP (] (Z”Afmn‘ [ =27 fre,n Tmn,l + A(,bmn)) (2.8)
n=1 [=0
N Lyy—1 . ‘ .

= Z Z amn,l ‘ xn(t - Tmﬂ,l) . eJZﬂAfmn't . e]A(pmn . e_]znfo,n'Tmn,l, (29)
n=1 [=0

where y,, (1) is the complex baseband signal at the mth receive antenna, Af,, = fron —
frx,m is the frequency offset between the nth transmitter and mth receiver LO, and A¢y,,, =
¢r1x,n — Prx,m is the corresponding phase offset. Special focus should be put on two terms
of equation (2.9). First, X, (f — T,;5,1) shows that depending on the symbol rate 1/ T of the
transmitted baseband signal, and the propagation conditions in the channel, intersymbol
interference (ISI) can occur, which needs to be dealt with by using a suitable equalization
structure. Secondly, the last two terms in (2.9) determine the channel phases and, therefore,
capabilities of the MIMO system. If the channel phases are sufficiently independent between
the different antennas, spatial multiplexing can be used yielding maximum MIMO gain. Note
that the impact of the first important term of (2.9), X, (£ — T,,,1), depends on the symbol rate
1/ T, while the impact of the second important term depends on transmit carrier frequency
frx,n» which will be an important fact for LoS MIMO as considered in the following.

3Here, it is implicitly assumed that the system is linear.
4The low-pass filter h1, m (t) is not shown explicitly in the system model of Figure 2.2, but is contained in the
linear filter hgy ;,, (f) expressing the combined linear-filtering characteristics of a particular receive chain.

10



2.2. Properties of LoS MIMO

2.2 Properties of LoS MIMO

2.2.1 Spatial Multiplexing

Assume a linear time-invariant pure LoS transmission, i.e., L;;; = 1, meaning that only a LoS
propagation path is present. In that case, the propagation times 7,,,,0 depend only on the
path length between the nth transmit and mth receive antenna, as described by equation (2.3)
and shown in Figure 2.3, in a simple geometric way. Furthermore, the coefficients a,;, o are
purely real and have no phase contribution®, as they only contain the power losses in the
channel from the finite directivity of the antennas.

What generally matters is not the absolute time of 7., but rather the differences At. = 7,0 —
7ij0, With mn # i j, between all the different paths. Typically, it has been assumed that the
term fry ,AT. = Ar./ A1y, n, Where Ar. = rpypo —Iijo is the path length difference and Aty
is the wavelength, is negligible or can be well approximated by a planar wavefront for LoS
transmission. While physically not correct, this is a valid approximation for closely-spaced
arrays at lower frequencies transmitting over long distances [33]. The effect of the approx-
imation is that all receiving antennas exhibit the same channel phase with respect to one
transmitting antenna, which obviates the possibility of spatial multiplexing because the rows
of the channel matrix Hy, to be introduced later on, are always linearly dependent irrespective
of the antenna array geometry.

However, for a number of cases the term fry ,A7. is significant and should be accounted for.
With some reordering and a slight change of notation from (2.9), we have first

N Lypn-1
mn . . . -7
Im@ =) ) T (1) @I 2D mnt . gJAPmn amn,l-e‘ﬂ”f“'""m"vl-sinc(n—m”’l)), (2.10)

n=1 [=0 nom

.

R (1)

where h,,,, () denotes the channel impulse response transformed to baseband. Then, consid-
ering the pure LoS case with L, = 1, and the additional assumption that the symbol duration
is much higher than all propagation time differences, i.e., VA1. < T, the LoS MIMO channel
can be modeled® by a fixed complex constant with a common propagation delay 7 for all paths

as
_; ) . I=Tmn,l
Bnn(8) = @yn - € 2 rsn Tmno sine (nﬁ) (2.11)
nom
i ) — jom Hmno
R Ao - € T T L §(f—T) = appo-e T M - §(1—T). 2.12)

It is seen that depending on the antenna arrangement on the transmitter and receiver side,
different values for r,, o and, therefore, Ar. generating different channel phases, are obtained.

5Physically, it can happen that additional phase shifts aside from the propagation delay occur when the dielectric
properties of the propagation medium, e.g., due to rain [29, 30, 31], are not equal for all paths. However, this can
also be included in the last term of (2.9) by using the effective wavelength of that path [32].

6For the approximation in the second line it was again assumed that Thom < T.

11
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ri1,0
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Figure 2.3: Simplified band-pass model of a one-dimensional LoS MIMO system with inde-
pendent and ideal carrier frequencies for each antenna. Taking only the real part of the signals
on the transmitter side, and some normalization constants are omitted for brevity.

In order to gain some insight for when the term becomes significant, consider the example
from Figure 2.3, a thorough treatment of the topic can be found in [33]. If the maximum path
length difference Armax = maXymn I'mn,0 — Miny yp, Fmp,o is negligible compared to A1y 5, all
the smaller ones are too, and the phase shift between the different paths is insignificant. For
the example, this term can be written as

nmi1,0 —T11,0
Armax//lTx,n = = ATmaxfo,n (2.13)
A’TX,I
VR? + D2 R
= - (2.14)
Atx1 Atx,1

VR? 1 D? R

L VR _ (2.15)
Ax1 o A1tx12vVRZ Arx
D2
- 2.16
2/1Tx,1R ( )

where R is the propagation distance between the arrays, D = Dy = Dgy is the largest dimen-
sion of the array, and the root approximation in (2.15) can be made if R is much larger than
D. The ratio Armax/ A1, gives an indication how much phase shift between the shortest and
longest path in the system occurs. Thus, in order to have a significant phase shift between
these paths, equation (2.16) shows that, for the considered example, the terms D? and 2A1x1 R
should be of similar magnitude.

This observation is in line with earlier results from the literature, e.g., [34] for one-dimensional

12
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antenna arrays, where it was shown that the possible number of spatially-multiplexed streams,
or spatial degrees of freedom (SDoF), for given array dimensions Dy, Dgx, and wavelength-
distance product A1y , R, is obtained by

DrxDrx
ATx,nR

SDoF = +1. (2.17)
Let us briefly consider the impact of different transmit wavelengths A1y ,. While the different
values, due to independent LOs, affect the LoS MIMO channel phases, the effect is in the
ppm range, proportional to the frequency difference of LOs, and does, therefore, not induce a
significant difference. An active control of the channel phases would be possible by changing
the wavelength A1y , of each transmitter. This seems practically less relevant because only
substantial changes of A1y ,, in the order of several percent, would surmount to significant
variations. However, changing the wavelength by those orders of magnitude also changes
the carrier frequencies by the same amount, such that transmission happens in an entirely
different band, which the system would need to be able to operate in.

2.2.2 Frequency Selectivity

In this section, it will be shown that frequency-selective channel behavior can be exhibited for
certain systems, even in a pure LoS propagation channel. Part of equation (2.9) is the term
Xn(t =T mn,1) which accounts for the time shift of the baseband signal due to the propagation
time differences 7, ; of the different paths. Similar to the previous section the time differ-
ences or spreads At. of the different paths matter most. However, compared to the previous
considerations the magnitude of A7. now needs to be compared to the average symbol rate
1/ T of the baseband signal x,(t), instead of the carrier frequency.

Considering the same example as above and given in Figure 2.3, and checking again just the
maximum difference ATmax = Maxymp Tmn,o — MiNymn Tmn,o compared to the symbol rate,
gives similarly

VR?2+D? R
ATmax! Ts = ———— — (2.18)
cT; cT;
D2
= . (2.19)
2cTsR

The ratio ATmax/ Ts thus indicates how much ISI?, in terms of symbols, between the shortest
and longest path in a pure LoS MIMO system occurs. As in the previous section, D? thus needs
to be comparable to the denominator, in this case 2c¢TsR. Since cR is typically a very large
quantity, the effect only becomes significant for very high symbol rates and widely-spaced
antenna arrays. Some example results for a wide range of practical values can be found in
Figure 2.4. The results show that delays in the symbol range occur only for arrays with a largest

13
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Figure 2.4: Example results for the level of ISI in pure LoS multiple antenna systems, expressed
by the spread Atmax/Ts in number of symbols, for different array sizes D and symbol-rate-
distance products TR.

dimension of 1 m or bigger, in this example case.

Rotations due to misalignment between the transmitter and receiver array can further increase
the impact of the effect, as observed in [35]. In the rest of this work, this kind of interference will
be treated as part of the random frequency-selective channel, where no a-priori information
about the delay of the taps is available. Nevertheless, note that this interference has some
structure, which could be used for estimating it, as it is determined by the geometric setup of
the system.

2.2.3 Antenna Array Design

From section 2.2, it should be clear that the antenna array setup plays an important role for
the spatial-multiplexing capabilities of a LoS MIMO system. For the sake of completeness and
future reference, some of the design equations derived in the literature will be repeated here.
The earliest derivation of an optimal-spacing criterion, supporting full spatial multiplexing
with N = N; x N, transmit and M = M) x M> receive antennas for a given wavelength-distance
product AR, using uniformly-spaced one- and two-dimensional arrangements can be found

7A typical assumption is that a channel can be considered frequency non-selective or frequency flat, when
ATmax/Ts <0.1 [4].

14
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in [36, 37, 38]. For the two-dimensional case on transmitter and receiver side, the smallest®
optimal spacing in the first dimension of the array is derived by

AR

drx1dpy1 = ————, 2.20
T l0R0L = L Ny M) (2.20)
and in the second array dimension it is given by
AR
dryodpyr) = ————, 2.21
2Rz = N M) 2.21)

where drx., dryx,. is the antenna spacing at the respective side of the link for that array di-
mension. Thus, the total size of the antenna array in the respective dimension is defined
by Drx,. = (N.—1) - d1x,. and Dgx. = (M. — 1) - dgx,.. Furthermore, N. and M. denote the num-
ber of antennas in the corresponding array dimension. Note that the possible number of
spatially-multiplexed streams is limited by SDoF = min(M, N) and, hence, the most efficient
system designs, in terms of array size, occur when M = N. Additional antennas between the
optimally-spaced ones may still be used, but do not provide additional multiplexing gain in
the pure LoS case. For the one-dimensional case on both sides, one can simply use one of the
two equations.

The equations show that when the propagation distance R changes, the spacing should change
with it in order to preserve the optimal channel. As in the previous section, also rotations of the
array have an impact on the optimal spacing. Sensitivity analysis, e.g., with respect to rotations
and offsets, as well as modified-spacing equations for such cases, and optimal equations when
mixtures between one- and two-dimensional arrays occur can also be found in the mentioned
papers [36, 37, 38]. A way of designing more compact one-dimensional arrays was suggested
in [32] by using specially designed dielectric media in the propagation paths. Since it may
not be feasible to adapt the spacing for every wavelength-distance product in practice, more
involved antenna array designs have been proposed in [39, 40, 41], which have a more stable
performance over a wider AR range, but do not achieve optimal channel conditions. Three-
dimensional array architectures, i.e., arrays that also expand in the transmission direction,
have also been considered in the literature [42], but were shown to yield only small benefits in
pure LoS scenarios.

2.3 From Discrete Time to Continuous Time and Back

In this section, the sampling operations that are used to convert to and from the continuous-
time signals X, (¢) and j,,(¢) in equation (2.9) at transmitter and receiver, are briefly described.
A block diagram of the conversion process is given in Figure 2.5. The most important aspect
is that a representation of the continuous-time signals in the discrete-time domain is found
with as little information loss as possible. This can be done by fulfilling the Nyquist-Shannon

81t should be noted that for each wavelength-distance product AR, there are multiple optimal spacings, as can
be inferred from section 2.2, and will also be seen in chapter 5.
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Figure 2.5: Simplified baseband sampling model for a MIMO system with independent and
ideal sampling frequencies.

sampling theorem, see [4] for details, whereas more sophisticated methods based on sub-
Nyquist sampling are also available, e.g., [43, 44]. Consider the idealized, in terms of memory
and amplitude resolution, translation from discrete to continuous time at the transmitter to

be given by
Xn(t) = hrgn () % Y, xnlll-8(t—1- Tryp) (2.22)
I=—00
= Y xplll-hrgp(t =1+ Trgn), (2.23)
I=—00

where x,[[] are the samples of the transmit signal at discrete-time index® k, 1/ Ty, is the
sampling rate of the nth transmitter, and h1y ,(¢) are analog low-pass filters performing the
interpolation!® between the discrete-time samples to a continuous-time signal. Note that as
for the carrier frequencies, this notation also models independent LOs for the generation of
the sampling rates.

Similarly, the sampled representation y,,[k] of the continuous-time received signal j,,(t) is

9 xn (1] is not necessarily symbol spaced and 1/ Ttx, 5, is not necessarily the symbol rate 1/ Ts. For example, for
standard linear modulations using a digital raised-cosine pulse shape with Q samples per symbol, the symbol rate
is 1/(Try,;,Q), and is thus also slightly different for each transmitter.

10Recall from section 2.1 that these filters actually contain the complete linear-filtering behavior of the transmitter
chain. Furthermore, due to this linear filter, X, (I - T1x ;) # Xn (I Trx ).
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given by
Y ymlkl-8(t— k- Trom) = (Fm(0) * hrem () Y. 8t =k Trgm) (2.24)
k=-o00 k=—o00
= Y Y Imk=1"Trgm) hrgm(- Trem) -6t — k- Trgm), (2.25)

k=—o00l=-00

where the analog filters hgy ;, (f) contain low-pass filters, which are suitably chosen in order to
avoid aliasing, and 1/ Tgy ,,; is the sampling rate of the mth receiver. Generally, as for the Tx side,
this filter contains all linear-filtering effects of a particular receiver chain, e.g., the combined
characteristic of the anti-aliasing filters and the low-pass filters used in equation (2.7). Thus,
hrx,m () is assumed to contain the complete linear analog filter characteristic of the mth
receiver chain. The kth received sample is then given by

Ymlkl= Y Jm(k =10+ Trg,m) - Brg,m (L - Trg,m) (2.26)
I=—00
= )-’m(k - Trx,m) * th,m(k - Trx,m)» (2.27)

where x indicates discrete convolution. This equation, more generally, can be used to spec-
ify the complete linear chain in discrete notation. Using a slight abuse of notation, and
additionally (2.1), (2.4), and (2.7), yields

ym[k] = e—j(2ﬂAfo,m TRx'mk+¢Rx'm) : th,m(kTRx,m)

N . r (2.28)
5| 2 P (K T, ) K oy (k T, ) - € e Tkt 1) (T )

n=1

N
= hrm k] % Y Ry (k Ty, m)
=1 (2.29)

* Xy (k Ty ) - @ GO mn Tiosm K Bbmn) o 1K K 1y [K]

N .
= th,m[k] * Z e’ (@A fon Tk Bponn) hmnlk]

n=1

- (2.30)
* Z Xnlllhtx,n (kTRx,m - lTTx,n) + IRy, m k] * iy k]
I=—00
N
_ Z ej(ZnAfm,,TRx,mkﬁLAgbmn)‘]jlmn[k]
et . 2.31)
* Y xplllhrgn | k=12 | 4 Bgy k] % K],
I=—00 TRva
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where A faym,» Afrx.n are the deviations from the nominal desired carrier frequency fom''
of the oscillators on the transmitter and receiver side, i.e., A frx, m = fox,m — fnom and A frx n =
fo,n - fnom- Furthermore, we use hmn[k] = th,m(kTRx,m) * hmn(kTRx,m) = th,m[k] * Nynlkl,
Rpn (1) = ZlL;”é’_l Amn,l e~ 127 fran Tmnl . gine (”tT;Z—,::;)' and the circularity of the noise, i.e., the
stochastic invariance of the complex noise process to complex phase rotations. Equation (2.31)
is the general linear discrete-time baseband frequency-selective input/output model for MIMO
systems, impaired by independent sampling and carrier frequency offsets for each transmit
and receive chain. Its properties will be described later on, for now the focus will just be on

the impact of the sampling processes.

The received discrete-time baseband signal, consisting of the multiple superimposed transmit-
ted signals, exhibits the normalized, w.r.t. the sampling rate, angular rotations, or frequency
shifts, of A fi,n Trx,m» which will in this work be estimated and compensated by suitable digital
processing algorithms. Likewise, the ISI generated from the sampling phase shifts due to the
term Tty ,/ Trx,m can be be estimated by capturing an oversampled version of the received
signal, and compensated digitally with some form of interpolation [4, 25].

The previous discussion is somewhat simplified, since Try ,, and Trx , are, in practice, not
constant over time, i.e., there is no perfectly periodic uniform sampling, but they slowly vary
around some mean value. Due to this, and the fact that the fraction between the two is practi-
cally never an integer, it has been noted in the literature that in a continuous transmission
there will eventually a sample over- or underflow occur, see also appendix A, which needs to
be appropriately dealt with. Additionally, especially in distributed systems it can happen that
the sampling points in time, i.e., the time instants where a new sample is generated, are not
synchronized between different front ends. Then, an additional time shift between the differ-
ent front-ends is observed, which has a different impact depending on whether it appears on
the transmitter or receiver side. Even more specifically, it can happen in I/Q sampling systems
that the in- and quadrature phase sampling instants are not perfectly aligned, generating
interference between the two branches. While the former effect can be treated as different
delays in the complete channel impulse response, the latter can be treated as part of an I/Q
imbalance compensation scheme, to be discussed later on. Since those effects depend on the
oscillator setup that is used for generating the sampling frequencies, they will be discussed
in more detail at a later stage. Other non-ideal effects of the sampling circuitry, e.g., sinc
shaping of the output spectrum due to finite time duration of the sampling pulses, can be
assumed as part of the analog filters hy ,(f) and ﬁRX, m (1) at the transmitter and receiver,
respectively. Whether or not sufficient statistics are generated by the sampling processes in
general, i.e., y,;[k] contains all information that j,,(¢) contains, depends on the roll-off of the
analog filter hpx ;,; (¢) and the amount of oversampling used in the system [4]. Finally, as is
common in the sampling literature, the effect of finite amplitude resolution, or quantization,

U Throughout this work, we try to stick to the notation that fyom values are related to the carrier frequency, and
Thom values are related to the sampling interval. This leads to the dilemma that even though fhom and Thom seem
synonymous, they are fundamentally different as one relates to the carrier process, while the other relates to the
sampling process.
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has not been discussed. It is thus inherently assumed that the effects due to finite resolution
are negligible or, in other words, moderate resolution digital-to-analog converters (DACs)
and analog-to-digital converters (ADCs) are used. In general, however, taking the influence
properly into account requires a fundamentally different system design approach [45].

2.4 APrimer on Oscillators and Frequency Accuracy

Oscillators are the most crucial component when it comes to synchronization in communica-
tions systems. In the previous section, it was seen that oscillators are necessary for generating
the carrier frequency for up- and downconversion, and for generating the sample timing
reference at transmitter and receiver, respectively. Ideally, an oscillator only creates a single
spectral'? line at a desired nominal frequency, e.g., the left plot in Figure 2.6 or the complex ex-
ponential seen in equation (2.7). If such oscillators were realizable, no synchronization would
be needed. However, due to temperature variations, mechanical variations, manufacturing
mismatches [12, 47], and other small scale effects, e.g., variations in the power supply, two
independent oscillators will never have exactly the same frequency. A lot of effort can be spent
on stabilizing the frequency by, e.g., controlling the temperature or using a laser reference [2].
In most communications systems, however, low-complexity solutions are preferred in order
to reduce size and cost. Then, some form of synchronization that can cope with the frequency
difference and its variations, preferably through digital signal processing techniques, is always
required.

In section 2.1, ideal oscillators have been assumed, which generate only a single frequency with
a fixed phase, albeit not the same for the different front ends. For example, the offsets from the
nominal carrier frequency on the receiver side were characterized with e~/ (72 frem Trxmk+¢rem)
where A frxm = frx,m — fnom. A general description of oscillator behavior can be obtained by
considering the progression of its phase over (discrete) time, i.e., the phase process'® ¢[k]
[51]. In this work, phase process will mean the difference compared to the nominal desired
frequency, i.e., the part that needs to be estimated and compensated in order to achieve
synchronization. In the previous sections, the phase process was simply a linearly-increasing
function with a fixed initial offset, and where the slope depends on the frequency offset. For
the previous example this would be denoted as e™/#®»K with ¢ppy (k] = 27 A frg, m Trx, mk +

(PRX,m [0] .

In the rest of this work, the following phase process model will be considered for both oscilla-
tors used for carrier frequency generation, and oscillators used to derive the sampling instants.

12 jkewise, oscillators can also be evaluated in terms of their time domain stability using, for example, the Allan
variance. Since phase noise data is often more readily available for system components, we will not treat time
domain stability measures further. However, it should be noted that one can convert between time and frequency
domain stability measures [46].

13physically, oscillators also experience variations in the amplitude due to noise, which also affect the system
[12, 47, 48, 49], but are typically assumed less severe than the phase variations. On the other hand, [50] argues that
especially for mmWave systems, the amplitude noise should be taken into account.
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Figure 2.6: Qualitative power spectral density of an ideal and a real oscillator.

It is a variant of the model derived in [49]. For the carrier frequency, the corresponding carrier
phase process is given by

¢kl = Pwlk] + @nlkl (2.32)

= Qwlk—1l+@uwlkl +  @nlkl (2.33)
A ~~ - ~——
Wiener process with drift white noise process

where ¢ [0] is the initial phase state of the oscillator, assumed to be distributed with ¢, [0] ~
% (—m, ). Furthermore, all random processes are assumed independent. The random process
pwlk] expresses a fixed mean drift and a random variation per sample. It will be assumed
normally distributed with @ [k] ~ A (i, in), where py,, = 27A f Thom is the mean phase
change from sample to sample, related to the frequency offset with T,,,, being the sampling
interval of the discrete process, and where aéw specifies the level of random variation per
sample, related to the close-in phase noise (PN) of the oscillator [49]. For example, for 60 GHz
oscillators A f = 100kHz (1.7 ppm) [52, 53] and one sided 3 dB PN bandwidths of 1 kHz [54, 55]
are reasonable values. These numbers yield with Thom = 1ns, gy, = 27 10~%rad/ns and

O'éw =47 -10"%rad?/ns?, respectively. Further, with these definitions, ¢[k] can be seen as
a Wiener process with drift. The white noise region far from the carrier, also called far-out
2 Ky

PN, is modeled with the random process ¢y [k] ~ A (0, O'an), where Oy = T with Ky being
the white noise floor level of the oscillator, which can be read directly from the measured
—120dBc/Hz

PN spectrum. For example, for a 60 GHz LO a typical value is Ky = 10~ 10 [9, 12, 50],

yielding with Thom = 1ns a variance of 07, =10~ rad?/ns?. The conversion between datasheet
values and model parameters will be further explained in appendix A, see also [49]. Example
realizations of the phase process model with the just mentioned parameters can be found in
Figure 2.7.

The motivation of the model**

in (2.33) is as follows. The drifting of the oscillator from the
nominal frequency fhom and around the mean frequency difference A f is modeled through

the Wiener process ¢ [ k], while fast variations are modeled through the white noise process

14Note that this model covers the steady-state behavior of an oscillator. It does not accurately model erratic
behavior, such as aperiodic mechanical vibrations.
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Figure 2.7: Ten example realizations of the phase process model given in (2.33), with
parameters relevant for carrier phase processes in mmWave systems: ¢w[0] ~ % (-, ),
Ko, =27 10~*rad, oiw =10"%rad?, and oin =103rad?.

¢nlk]. By changing the parameters p,,,, aiw, and O'in, this model can cover a wide range of
oscillator behaviors. For example, it has been noted in the literature [7, 49, 50] that for high
symbol rate systems, e.g., mmWave communications, the far-out PN is dominant, and can

even be the performance limiting factor. This is inherently included in the model through

2
¢

calculated in the previous paragraph. Note, however, that in the present form no correlation

the scaling of the variance o7, with 1/Thom, and can also be seen from the example values
across time, except for the mean part u,,, among consecutive samples of the phase process is
considered in the model. For certain system setups, e.g., when using a phase-locked loop (PLL),
the samples will be correlated in a more complicated way and the model can be modified to
take that into account [54]. In the remainder of this work, this type of correlation across time
will not be considered, as it is assumed that the drifting of the phase process model sufficiently
describes the behavior of most oscillators. Nevertheless, better results might be achieved by
taking this circuit-dependent knowledge about the correlation w.r.t. time into account. The
goal will be to find suitable estimation and compensation algorithms for multiple of these
slowly varying phase processes in MIMO systems.

For the sampling processes, the positive zero crossings or, similarly, edges of a periodic signal

determine the sample instants [51]. Consider, for example, the ideal sine wave used at a
I3
Tnom,Rx
equal spacing every nominal period Tyhomrx = Tnom, See Figure 2.8. In practice, as for the

receiver with sin (Zn ), where a sample of the continuous-time signal is taken with ideal
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Figure 2.8: Qualitative example of the generation of the sampling instants from a time reference
using: an ideal oscillator with T,,om, (dashed), and a practical oscillator with a varying phase
process (blue). The difference between the two contains a fixed mean offset and random
variations, e.g., due to jitter, see (2.33). In this example, the practical reference is on average
faster than the ideal nominal one, and the initial phase difference is zero, i.e., ¢, [0] = 0. The
additional sample problem is further explained in appendix A.3.

carrier frequency, the period varies over time, i.e., has a fixed offset from the nominal value and
a drift around it, which can be described by the model in (2.33), see the example realization in
Figure 2.8. Continuing with the example this means sin (an), with Trx m(8) = Thom,Rx +
ATrx,m(t), where ATk (1) is the continuous-time version of the sampling phase process
offset of the mth front end (FE) describing the offset. The conversion to a discrete-time
process is done by considering that only the difference with respect to the nominal value Tyom
is important, refer to Figure 2.8. Thus, for the example, the relative period of two neighboring
W =1+ gbRxm [k]. We can then model model
the sampling phase processes w.r.t. their nominal period in a similar way as the carrier phase
processes with ¢[k] = ¢y [k] + ¢, [k], which describes an offset from the nominal period or
frequency, and a jitter process'® of the corresponding DAC or ADC.

samples at discrete time k is given by

From the examples discussed above, it should be clear that for both cases, carrier and sampling
frequency, the deviation from the nominal value is what is disturbing the system, and it can

157jtter [51] in sampling devices has two components [56]. First, there is jitter due to the sampling circuitry, called
aperture jitter, which can be assumed Gaussian and modeled by the white noise process with Uz(pn. Second, there
is jitter due to the variation of the sampling frequency that determines the sampling instants, i.e., the variation
due to phase noise, called clock jitter. The variance of the Wiener process 02 can be related to square root of the
root-mean-square (RMS) cycle jitter. Both parameters are readily found in thgv data sheets of sampling devices and

clock generators, respectively.
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be described by the discrete phase processes ¢[k] in rad/sample and ¢[k] in samples/sample,
respectively. The two timing impairments are known as CFO, describing the differences in
carrier frequencies, and SFO, describing the differences in sample timing. Furthermore, due to
the one being defined for frequency and the other for time, it holds that the carrier frequency
is higher than its nominal value, when E [gb[k]] — ¢[0] > 0, while the sampling frequency is
higher than its nominal value, when E [([)[k]] - cb[O] < 0, see also the two examples in the figures.
Typical parameter ranges for both of them in mmWave systems can be found in Table 2.1. The
units of the parameters characterizing the phase processes are to be understood per sampling
interval, even though later on in the work this will sometimes be omitted for brevity, when
noting the values, see also appendix A.1. For some general additional details on the topic, refer
also to appendix A.

Table 2.1: Typical parameters found in the literature and data sheets of components for carrier
and sampling frequency generation in mmWave systems, i.e., carriers in the tens of GHz
range and bandwidths in the GHz range. Normalized values for the model of (2.33) are given
per discrete sample with an assumed sample period of Tyom = 118, and an assumed carrier
frequency of fom = 60 GHz. For a description of how the conversion to the model parameters
is done, see appendix A.

Parameter Carrier Frequency Sampling Frequency Parameter
Accuracy in ppm +1~+£200 +1~4200 Accuracy in ppm
PN @ 1 MHz in dBc/Hz -125~ -85 10 ~ 400 RMS Jitter in fs
far-out PN in dBc/Hz —-140 ~ -120 50 ~ 500 Apert. Jitt. in fs
o, /24 +3.8-107 ~+7.5-1072 | 41070 ~+2.107* | 2Dl
2
5 jad’ 1.25-1078 ~1.25-107* 10719 ~1.6-1077 2 j Samples”
W' ns <ﬂ ns?
02, /28 1075 ~ 1073 25:107°~25.1077 g2 /sumples’
¥n ’ ) %, ns?
(pw[O]/rad U (—m, ) 9 (—0.5,0.5) <p [0]/samples

The final topic in this section will deal with deriving a high frequency oscillation from a low
reference frequency, usable for both carrier and sampling frequency generation, see Figure 2.9.
This is a particularly important technique and widely used, to have flexible frequency gen-
eration [47], and to synchronize multiple distributed systems. Application examples are the
synchronization of clocks in measurement equipment using a 10 MHz reference [57], or using
a 10 MHz reference for the synchronization of 100 front ends in a massive MIMO base station
implementation [22]. In many of these cases, distributing the desired frequency directly is
impractical due to significant power losses, or requires very demanding circuit design, e.g.,
splitting a 60 GHz sinusoid for upconversion to several widely-separated mixers. A better
option is to have a shared reference that is multiplied by a factor, often using a PLL within a
frequency synthesizer [47] for each device, in order to generate the actual desired frequency.
The close-in PN of such a system is determined by the phase noise of the reference, the multi-
plication factor that is necessary to generate the desired frequency, and the parameters of the
control loop [58]. In particular, the phase deviation is increased by the multiplication factor,
such that there is a trade-off between simplicity of reference distribution, and phase noise
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Figure 2.9: General model of a frequency synthesizer that generates a high frequency oscilla-
tion from a low frequency reference signal.

performance!®. The far-out phase noise, on the other hand, is determined by the LO in each
synthesizer and can be assumed independent for each device. To summarize, the accuracy of
the generated frequency and the close-in phase noise is determined by the reference and the
loop parameters, whereas the far-out PN is determined by the synthesizer implementation
[47]. In general, the phase processes of such systems can be modeled by (2.33), but they
experience certain correlations between the Wiener processes of the different devices, since
they are determined by the shared reference. In this work, such system configurations will
not be treated separately, but assumed to be equivalent to cases where the desired frequency
is shared directly. Finally, consider the initial phases ¢ [0] and ¢, [0] of the generated phase
processes for different synthesizers with a common reference. Even though a shared reference
is used, the output starting phases of the synthesizers cannot necessarily be assumed equal
[57], as they depend on the distribution of the reference frequency, and the implementation
of the frequency generation, i.e., where and how frequency dividers are used. Thus, for the
rest of this work it will be assumed that the initial phases of the synthesizers are random and
uniformly distributed over the complete phase range, e.g., ¢w[0] ~ % (—n, ), although some
synthesizers do allow phase synchronization.

2.4.1 Oscillator Configurations for MIMO Setups

Depending on the system settings and requirements, a variety of synchronization configura-
tions, i.e., distribution of sampling and carrier frequency, can be applicable for MIMO systems.
There are four basic oscillator setups that will be considered, namely,

1. Shared between transmitter and receiver side, and all of their front ends,

\S)

. Shared between all front ends on transmitter and receiver side, respectively,

3. Shared on one side, either Tx or Rx, and independent on the other side, either Rx or Tx,

N

. Independent on both sides.

These setups are applicable separately to the carrier and sampling frequency distribution, such
that different setups can be used for each of the two depending on system prerequisites. For

16The lower the reference, the easier it is to distribute between different devices [57). However, the lower the
reference, the higher the required multiplication factor and, thus, the amount of phase noise. Another benefit of
higher reference frequencies is improved long-term phase stability.
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the remainder of this work, we mostly consider cases where carrier and sampling frequency
distribution has the same setup. Furthermore, subgroups composed of a couple of FEs could
share clocks, which will not be considered, but could be viewed as one of the above setups
with appropriate grouping. The impact of the different setups on estimation and equalization
will become apparent later in this work. A system diagram of the different setups is given in
Figure 2.10. Please note that, as described in the previous section, it is not necessary to directly
share the sampling or carrier frequency for setups 1, 2, 3. Instead, a reference frequency can
be shared that is then multiplied in a frequency synthesizer for each transceiver.

An example for each of the setups will be discussed next. Setup 1 occurs, when some additional
resource or part of the spectrum, like in early amplitude modulation broadcasting, is allocated
in order to transmit a reference clock or the Tx-shared frequency directly. It is then extracted in
the receivers, and used in all front ends for downconversion and sampling. This setup generally
requires a more complicated FE design and is spectrally less efficient, due to the spectrum
part allocated to transmitting the reference. The benefit is that it should incur no frequency
difference between transmitter and receiver. Setup 2 is, e.g., a common choice for MIMO
systems where the antennas are closely co-located, as in single-user digital-beamforming
systems [58, 59], or multi-user systems with multiple antennas per user and time-division
or frequency-division multiple access. As in the previous setup, routing of the references to
all transceivers needs to be handled on each side of the link, but no resources are spent for
transmitting the frequency, making it more spectrally efficient than setup 1. Such a system
incurs one frequency difference, due to the one independent oscillator on the transmitter and
receiver side, respectively.

Setup 3 is, for example, relevant for the uplink of multi-user MIMO systems with spatial-
division access. In such a system, the antennas and front ends on the basestation are co-
located and can use a shared reference, although some effort has to be spend in order to assure
synchronism [21]. Each user, on the other hand, has an independent LO. Thus, this type of
system is influenced by as many frequency differences as there are independent oscillators on
one side of the link. Finally, setup 4 represents, e.g., the case of a distributed MIMO system
[18, 60], where multiple basestations cooperate in order to achieve a performance gain. Note
that this setup is the most general and includes all of the previous ones, but also requires the
most signal processing effort to achieve synchronization, as will become apparent later. It
incurs all combinations of frequency differences that occur due to the independent oscillators
on the transmitter and receiver side. The general model described in the next sections will,
thus, be based on setup 4.
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Figure 2.10: The four basic MIMO synchronization configurations, which are applicable
separately to carrier and sampling frequency distribution. Setup 3 also includes the case,
where sharing happens on the other side of the link (not shown here).

2.5 Discrete-Time Baseband MIMO Model with Realistic Oscillators

Restating the sampling equations (2.23), (2.24) to include the defined sampling phase pro-
cesses, i.e., ngx, nlk] and gbRx, mlkl, yields

Zn(t)= Y xplkl-hrgn (8= (k+ @1, nlk]) - Tnom,Tx) (2.39)
k=—0c0
and
Y Ymlkl-6(t— (k+ Prymlk]) - Tnom,Rx)
Je=—c0 - (2.35)
= (Jm(0) * hggym (D) Y. 8 (t— (k+PrymlkD) - Thom,rx) , With
k=—o00
Ykl = Fm ((k + Pry,m (kD) - Tnom,Rx) * Arem ((k + Py, m K1) - Tnom, ) - (2.36)

Combining these equations and including the effects due to the channel, as was done for
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(2.31), gives

M=

ym[k] - e_j(pr,m ((k+(bRx,m[k])'Tnom.Rx) . ( hmn ((k + (I)vam[k]) . Tnom,Rx)

n=1

* X-n ((k + (pRX m [k]) . Tnom RX) . ej(PTx,n((k"'(bkx,m[k])'Tnom,Rx) (237)

+ Ny, ((k + (,Z)Rx,m[k]) : Tnom,Rx) ) * th,m ((k + (,bRx,m[k]) : Tnom,RX)

. N .
= e_](PRX'm(k.Tnom'RX) : ( Z hmn ((k + (PRx,m[k]) : Tnom,RX)
n=1

* Xp ((k + (bRx,m [k]) - Tnom,Rx) . ej(PT"'”(k'T"(’mv“X) (2.38)

+np(k- Tnom,Rx)) * th,m ((k + (,bRX,m[k]) : Tnom,Rx)

N

= hism [k + @rom K] % 3 e/80m 8 [k + e mlK1]
n=1
ol Z x"[l] th,n ((k + (bRX,m[k]) ' Tnom,Rx -+ (j)Tx,n - Tnom,Tx) (2.39)

I=—00

+ hpy,m [k + rm k1] * 1y [ K]

N . .
= th,m [k+(/)Rx,m[k]] * e]A(pm"[k] : hmn [k+ (,bRx,m[k]]
n=1
© . . T,
% Y xnlllhrgn | K+ Gromlk] — (1 + G l11) - 20X (2.40)
l=—00 Tnom,Rx

+ th,m [k+ QbRx,m[k]] * nm[k]

The term Admnlk] = ¢drxnlkl — Prx,mlk] denotes the difference between the transmitter
and receiver carrier phase processes. An approximation has been made by assuming that
(PRx,m ((k + (/)Rx,m[k]) . Tnom,Rx) = (PRx,m(k : Tnom,Rx); and also (pTx,n ((k + (PRx,m[k]) : Tnom,RX) =
drx,n (k- Thom,Rx)- From a signal processing point of view this has no impact on further perfor-
mance, since the errors that occur due to non-ideal sampling can be treated as part of the ran-
dom variation!” of the carrier phase processes gy, [k] and ¢y [k]. Furthermore, the noise
process n,,[k] is assumed to retain its white property, regardless if it is sampled at the nominal
rate or the slightly impaired one, while the filtered noise process hgx m [lc + c/')Rx, m [Ic]] * N[ K]
will generally be colored.

Equation (2.40) is the general, sampling and carrier frequency offset impaired, discrete linear
system model for MIMO links with realistic LOs. The goal is to get back to the transmitted
samples (or symbols) x,[k], meaning that the impact of all of the other terms should be

17Consider a small example, where the carrier phase process is linear, i.e., linearly drifting, time-continuous, has
My = 1072 %i, and is observed over a time interval of 20 ns. The total phase variation in that time interval is thus
0.2rad. When sampled ideally with Ty,om rx = 1ns this gives of course 10~2 rad/sample. On the other hand, when
sampling with Tom rx + ATRx,m () = 1.51s, to exaggerate, yields a carrier phase variation of 1.5- 102 rad/sample.

Thus, the model is still valid, but the values of the carrier phase parameters change, when the sampling is not ideal.
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Figure 2.11: Discrete-time symbol-spaced baseband signal model of the mth received signal
in a linear MIMO system with multiple timing impairments. The CFOs effects are expressed as
parallel rotating complex exponentials with independent phase processes on the receiver and
transmitter, respectively. The SFOs influences are conveyed through time-variant sampling
on the Tx and Rx side, based on independent sampling phase processes. The parallel filters
on the transmitter and receiver side contain the analog linear-filtering characteristics of each
front end. They include, for example, interpolation, image rejection, and anti-aliasing filters.

reduced as much as possible. Each of the sampled received streams y,,[k] is a superposition
of multiple phase rotating and time-varying transmit streams x,[k] in correlated noise. Note
that the physical wireless channel impulse responses h;;,,;[k] are sometimes assumed to be
linear and time invariant. However, due to the variations in the sampling and the variations of
the transmit carriers, the observed responses vary in general slowly with time. A system block
diagram of the equation is given in Figure 2.11. In the following, specific instances of (2.40)
will be explored.
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2.5.1 Synchronized Symbol-Spaced Model

Consider the case where the nominal Tx rate is equal to the symbol rate and the Rx rate, i.e.,
1/ Thom,1x = 1/ Ts = 1/ Tnomrx- Additionally, dryx m [kl = Py nlk] = 0 and ¢rymk] = Py nlk].
Note that for the carrier phase processes it is sufficient to be equal to completely cancel their
effect, whereas the sampling phase processes have to be equal and zero in order to always
sample at the correct symbol time instant.

The model then simplifies to
Ymlkl = g, m [k] * Z R [k % Z Per,n Lk = 1 X (1] + gy, 1K % 7 [K]. (2.41)
n=1 I=—0c0

Assuming further that the transmitter and receiver characteristic is flat within the signal
bandwidth, i.e., ity »[k] = hry m[k] = sinc [ - k], yields the common model'®

N L
n [ xplk =11+ ny(k], (2.42)
Z Z

where the wireless channel impulse response is considered to be of finite length L, with L
being the maximum length across all responses. Continuing with the more common vector-
matrix notation, and using TxRx-ST stacking, gives

x[k]
x[k—1]
ymlkl=|hL 0] hL[] -+ hl[L-1] . +nmlkl, (2.43)
hi x[k—L+1]
—_— ——
x; [k]
T T
wherehm[l]:[hml[l] Booll] - th[l]] andx[k]:[xl[k] Xolk] - xN[k]] The

signals from the different receive antennas can then be stacked, giving for flat transmit and
receive characteristics

ylkl = Hx[k] +n[k], (2.44)

T T

with the variables being y[k] = [yl[k] yolk] - yM[k]] , H= [hL,l hro, -+ hpyl|,
T

and n[k] = [nl[k] nolk] - nM[k]] , where n;,[k] ~ €4 (0, Uim). When the transmit and

receive filters are not flat, the kth received sample from all antennas is given by the more
general model as

ylk] = HrxHp Hry 1, X1 [K] + Hrenp, (K], (2.45)
—_———

Hc

1811 some works, it is assumed that ki, [k] contains the Tx and Rx characteristics. This will not be done here, as
it obscures the effects of the timing impairments to some extent.
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where it was also assumed that the receive and transmit filters hpy ,,; [k] and hrx ,, [k] are of
finite lengths Lgrx m, L1x,n, With Lgy, LTx being the maximum, respectively. Note that since
there is a convolution of different discrete-time and finite-length filters for each received
stream, the total spread of the signal in time can be calculated by combining their individual
lengths with L¢c = Lpx + L — 1 + L1 — 1. Additionally, define the maximum length of the spread
excluding the transmitter partas Lp = Lgx + L — 1.

Using these quantities, the vectors and matrices in (2.45) can be defined, with their dimensions
below the name, as follows

Hrx = |diag(hpx[0]) diag(hrg[1]) --- diag(hpx[Lrx—1D)|,
(M x M Lgy)
H OMxN(Lpe—1)
OrxN H 00 x N(Lie—2)
HLRX = 4
(MLpxx NLp)
Onx N1 H
[ Hry  OnxN(p-1)
Onxn Hrx OnxN(Lp-2)
Hry 1,
(NLpxNLg)
OnxN(Ip-1) Hrx
with Hpx = |diag(hrx[0]) diaghry(1]) --- diagthr[Ltx—11)|,
(NxNLty)
n[k] x[k]
nlk-1] x[k—1]
nr, [k] = . , X k] =
(MLpyx1) : (NLcx1) :
nlk— Lgy + 1] x[k—Lc+1]
The matrices Hrx and Hrx are concatenated diagonal matrices of their filter taps hrx[/rx] =
T
[th,l[le] hpx2llpx] -+ hgpx M[ZRX]] on the receiver side, and, on the transmitter side,
T
hry[lry] = [th,l[lTx] hrgollrs] -+ th,N[lTx]] . If there is additional coupling between

different transmitter or receiver chains it could be included here, by removing the diagonal
property. It could also be included directly in the channel matrix H. The matrices Hy, and
Hry 1, have a block banded and circulant structure. To get more familiar with the notation the
small Example 1 will be considered next.

Example 1. Consider a small MIMO system with M = N = 2 having mildly-selective transmit
T T
and receive filters of length Lr, = Lty = 2 withhp,[0] = hr[0] = [1 1] ,hpyll] = [0.05 0.1] ,

T
andhrp[1] = [—0.15 0] . The wireless channel is also mildly selective with L=2 andhy,; =
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T T
1 —j 0.1 —0.1] ,hL,gz[—j 1 05 0] . Using the notation, the matrices are given by

1 —-j 01 -01 0 0O

1 0 005 O -j 1 05 0 0 0

He=HpHy, Hryp), =

01 o0 o1l |0 o 1 —j 01 -01

0 —-j 1 05 0
10 -0150 0 0 0 O
01 0 0 0 0 0 0
00 1 0 -0150 0 0
00 O 1 o 0 o0 o]
00 0O 0 1 0 -015 0
00 0 0 0 1 0 0

It is possible to combine Hgy, Hy, , and Hry 1, into Hc, and consider the complete system as
one frequency-selective and time-invariant system with spread of Lc. However, there is some
structure in the generation of that matrix which can be leveraged to reduce the computational
complexity of equalization and synchronization, especially, once the timing impairments are
considered.

2.5.2 Symbol-Spaced Model Containing Only CFOs

Similar to the previous section with Thom Tx = Ts = Thom rx and Prym k] = 1y n[k] = 0, we get
from (2.40) the model containing only CFOs as

N o]
Yimlkl = B (k] % Y @/ 8mnM g (k% Y ipn k= 1 xn[1]
n=1 I=—c0 (2.46)

+ hRX,m (k] x ny, (k]
. N . o
= hgx,m [k] % e Jommlhl. Z hmn (K] - e Prenlk] 5 Z hrs,n [k =11 xp (1]
n=1 l=—00 (2.47)
+ hpx,m k] % g K.

Using vector-matrix notation and assuming, again, that the Rx and Tx filters are ideally flat
over the relevant signal bandwidth, i.e., they do not contribute to the characteristic of the
complete transmission channel, including the shift due to the frequency offsets, gives

ylk] = @px[k|H®1y 1 [k]x1 [k] +n[k] (2.48)
= (A®[k] @ H)xL[k] +n[k], (2.49)

where ®gy[k] = diag(e ™/ Pr1lK] gmitrs2lkl | o=ibrmlKl) = diag(¢ppy[k]), Dy [k] = I} ® Bry[k]
with @ [k] = diag(e/Prx1 K] ei¢rs2lkl - oi¢rnikly = diag(¢pry[k]). The complete carrier phase
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rotation matrix is given by A®[k] = ¢ry[k] (111 ® Pprx[k])T.

When the Tx and Rx filters are not flat over the relevant bandwidth, the more general model of
the kth received sample from all antennas can be written as

yIk] = HRx @Ry, Ly, [KIH @x, 1 [KIHTx X1 [K] + Hpynp (K], (2.50)

using the previously defined matrices, and ®py 1, [k], ®1x 1, [k] being defined as @ty 1 [k].
Compared to (2.45), the impact of CFOs is thus that the transmission is time varying due to
the carrier phase variations from the different antennas. In the following small Example 2, this
should become more clear.

Example 2. Consider a small MIMO system with M = N = 2, having ideal transmit and receive

T
filters of length Lp, = L1x = 1 with hp[0] = h7y[0] = [1 1] . The wireless channel is also flat

and orthogonal with L=1 andhy = [1 —j]T, hy, = [—j l]T. Three different points in
time will be considered, i.e., k = {0, 1,2}, with the carrier phase process progressions ¢ppx,11k] =
¢rx2[k] = 10,3, 5}, ¢1x11k] = {0,0, 3}, and ¢y 2kl = {0,0,—7}. Note that this corresponds to
setup 3, where the same phase process is experienced at all Rx antennas and independent phase
processes are experienced at all Tx antennas.

A 1 —j| e/ o 1 —j
(DRX,LRx [O]HLRX(DTX.LD [0]= 0 e J 0 —j 1 0 ej-O - _j 1
e '3 0 1 —jl|1 O T I O
@ 1HL, @71, (1] = .2 =e
Rx,LRx[ ] Lpy TvaD[ ] 0 e_]’f } —j 1 01 [_J 1 }
®per, [20Hy, @pep 21 =e i | LTI PN B
Rx, Ly Lpx ¥ TxLplel = -j 1 0 eJz|” -j -1

2.5.3 Symbol-Spaced Model Containing Only SFOs

Consider Thom,1x = Ts = Thom,Rx and ¢rx m[k] = 1« n[k]. This yields

N

Y1kl = hsm [k + @rxm k1] * Y- hn [k + Pry,m!K]]

o n=l (2.51)

* D Xnll s [+ Pre,m K] = 1= P nll1] + B [k + Prom k1] 5 K]
I=—00

Note that idealized Rx and Tx filters do not exist in this case because as the sampling phase
processes progress, relevant filter coefficients, aside from a 6[k], will appear at the symbol
positions generating ISI between consecutive symbols. In fact, these filters are infinitely long
if the sample timing is not perfect. Fortunately, the higher coefficients have significantly less
impact, i.e., their magnitude is very low, such that the infinite-length filters hry [k + Gy, m k1]
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and hrx p [k + ¢ry,m k] — I — 1 »[11] can be approximated by finite-length filters with lengths
Lpx and L1x. Example 3 shows the effect of a fixed sampling phase offset on the sampling of
one analog receive filter.

Example 3. Consider the analog Rx filter characteristic of the second antenna to be ideally
flat with hpy»(t) = sinc (n- Tnofn ’RX) = sinc (nTis) Assume its discrete-time version to be of
finite length Lp, = 7 with hpyx2[l = 3] = 1, hpy2[l # 3] = 0, for the ideal case of ¢ppry2[k] = 0.
Assume the case where g2 (k) is a constant for at least Ly, symbols. Then, the filter coefficients
are given by shifting the ideal filter to that constant, with non-integer values being obtained

from interpolation using the analog filter response. Fig. 2.12 shows the filter coefficients for

three different shift values, where the actual sampling clock is slower than the nominal one
@rimlk] > 0).

[ I I I
- Q . ]
1 ok O ¢rx2[k] =0
: g O ¢rx2[k] =0.1
0.8 £ ¢Rx,2[k] =0.5 [
hgx,2 (1)
206 ; |
N ' v
&
e . :
+ 041 : .
L\l .
£ o2 1
oty ] Wy e S
_02 | | | ‘ | | | | | | | |

|
0 05 1 15 2 25 3 35 4 45 5 55 6 65
t/ Tnom.rx = £/ T

Figure 2.12: Example of the observed receive filter coefficients for different constant sampling
phases, and with symbol rate sampling.

It is crucial to note that the observation of the wireless channel and transmit filters in each
received stream also depends on the receiver sampling processes ¢gx [k]. Thus, including
the effects of multiple SFOs needs a slightly different notation. We can start with the kth
sample for the mth receive antenna, given by

Ymlk) =g (KIH L g (KT Hor £, m )X K] + gy D0 K], (2.52)

Rx,m

where all of the filters vary with time according to the sampling phase process of the mth
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receiver. The following definitions are needed

I, m [0+ bro,m (1]
i K] = th,m[1+'¢RX,m[k]] |
| ARy [Lix — 1+ $ry,m K]
'hgm[k] 01x N(Lpe—1)
Hy, mlkl = Ovv by K Ouin
01xN(Lg-1 D], [kl
h,, [0+ </:>Rx,m[k]]
with hy k] = h'"[1+(_pRX’M[k]] :

hy [L =1+ dremK]]

and, additionally,

Hrym(k,0] OnxN@p-1)

Onxn Hrymlk, 11 OnxN(Ip-2)
HTX,LI),m[k] =
OnxN(Ip-1) Hrxmlk, Lp —1]
with
Hry mlk, Ip] = |diagthry m(k, Ip,0]) diagthrgmlk, Ip,11) --- diagthrgmlk, Ip, Ltx—11) |,
hrg [1— ¢rx1 Lk — 1= Ip] + dry,m K] N [K]
hrxo [1 = Pryolk — 1= Ip] + Prym K] ] nm[k—1]
and th,m[k’ lD» l] = . y nLRx,m[k] . 1}
hrsn [1 = frs,n 1k — 1= Ip] + Pry,m K] ] N [k — Leg+1]

where the auxiliary variable Ip is needed in order to apply the appropriate value of the trans-
mitter sampling phase process to the corresponding transmit symbol, and the lengths L¢c, Lp
are defined as before in section 2.5.1.

The general model for the kth received sample from all antennas, including the Tx and Rx
filters, can then be specified by a more complex stacking, using the convention of TxRx-ST,
with

ylkl = Hrx[kIH  [K1H1y, 1, [K1X L [K] + Hpx [KIn g (K], (2.53)

where some of the matrices need to be defined differently compared to (2.45) due to the
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sampling process, which will be done next. The received filters are defined by the matrix

Hgx[k] = |diag(hg«[k,0]) diag(hgglk,1]) --- diag(hgrx[k, Lrx—11)
(M x M Lgy)
g1 [1+ Pry1[K]]
) hrs2 [ 1+ Pre2 (K]
Wlth hRX[k»l]: . )

iy m [ 1+ Proemr 1K1

and are thus similar to the one used in (2.45) except for the variation with k. The wireless
channel response can be written as

Hilk]l  OpmxMN@y-1)

O/« MN Hj (k] 007 x MN(Liy—2)
Hp, [kl =
(MLgyx MNLp)
0rix MN(Lpe—1) HLIK]
with HL[k]:[H[k,O] Hk1] --- H[k,L—l]],
using HIk, 1] = blkdiag (hj (k, 1], h} [k, 11,...,h}, [k, 1)
Bt [1+ Grem K]

Bz [+ $rymlk]
and hy,[k, 1] = 2| G ]

| = {1+ e 1]
hunn [ 1+ r,m K]

Finally, the transmit filters are given as

H1x[k,0] OpmNxN(Ip-1)

OpNxN Hry [k, 1] OMNxN(Ly-2)
Hry (k] =
(MNLpxNLc)
OrNxN(ip-1) Hrxlk,Lp—1]
Hrx1(k, Ip]

Hrx 2 [k, Ip]
with HTX[k) lD] = .

Hry m(k, Ip]

Compared to (2.45), note in particular that the size of Hy, [k] and Hry 1, [k] is increased to
MLpx x MNLp and MNLp x NLc, respectively, due to the independent sampling process
for each receiver. It should also be noted that in a continuous transmission, as mentioned
before and discussed in appendix A.3, the lengths of the filters change as time progresses,
because eventually the same symbol from the transmitter will be sampled twice or it will be
missed. This can be seen, for example, when considering that one of the receiver sampling
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phase processes reaches a value of |¢ry (k]| = 1, while the others are smaller than one. In
that case the corresponding receive filter will be shifted by one sample, also equal to a symbol
here, forward or backward, which extends through to the transmitter side, i.e., one additional
previous or next symbol is needed in order to compute y[k]. This problem will not be treated
further in this work, approaches and solutions can be found, for example, in [4].

2.5.4 Symbol-Spaced Model Containing CFOs and SFOs

Using (2.40) with Thom,1x = Ts = Tnom,Rx and the definitions from the previous two sections,
the symbol-spaced model containing both timing impairments, and the transmit and receive
filter effects, can be specified in vector matrix notation, and is given by

ylk] = Hrx [k @Ry, L [KTH Ly, [K191x, 1, [K1H1 1, [K1X L [K] + Hpy (KD (K] (2.54)

with all the quantities being defined in the previous two sections. We can see that due to the
timing impairments, the input-output relation is time varying through the different matrix
terms, where the CFO terms influence mostly the phase and the SFO terms mostly influence
the amplitude of the filters, see their respective definitions.

As in the synchronized case, it is possible to combine all effects into one frequency-selective
and time-varying matrix with spread of Lc. However, the variation happens due to the MIMO
mixing in a very complicated, albeit slow, way, such that estimating it accurately at every time
step k poses a serious problem. Additionally, some of the processing steps can be parallelized
by recognizing the structure of the system!®.

2.5.5 Intermission on Oversampling

So far, we have only considered the case, where the transmitter and receiver sample rates are
equal and match the symbol rate, i.e., 1/ Thom,1x = 1/ Tnom,rx = 1/ Ts. If the timing impairments
are not compensated by analog means, such a sampling can only yield suboptimal digital
synchronization performance [4, 61, 62]. The reason for this is the occurrence of aliasing due
to the CFO and SFO, as will be explained next. The CFO shifts the received signals spectrum
from ideal zero to the frequency offset, which creates aliasing when sampled at the symbol
rate assuming no offset, violating the first Nyquist criterion. Likewise, when the transmitter
sample rate is slightly different from the nominal one (this is true in the same way for the
receiver sampling), the actual physical bandwidth is different, e.g., higher, compared to the
nominal one. Sampling can then also create aliasing, violating the first Nyquist criterion.

Due to these limitations, most systems sample at a rate that is higher than the symbol rate
on the receiver side , i.e., 1/ Thomrx > 1/ T, in order to generate a sufficient statistic from

9Note for example that M - N different phase trajectories can be observed with setup 4 for both CFO and SFO,
refer also to matrix ® [k] in equation (2.49). However, they are linear combinations of the M + N actual phase
processes from transmitter and receiver.
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the continuous-time received signal. The oversampling factor Q = T Ls —=1lisin practical
systems often chosen in the range 1.1 < Q < 2.5, in order to achieve good performance, while
not demanding excessive sampling speeds from the ADC. The actual required value depends

on the level of CFO, SFO, and the shape of the spectrum of the received signal. In general,

the oversampling factor should be chosen such that most of the signal power is captured
within the sampling bandwidth, while simultaneously avoiding aliasing due to the timing
impairments. Note that an increase in oversampling increases the required digital processing
rate by the same amount, which can be a limiting factor especially for high-rate systems. As is
common for discrete-time processing, we will assume that the signal has been interpolated
such that an integer oversampling factor Q = [Q] can be used. In the following, the signal
model for the ideally synchronized case, and for the case where both timing impairments are
occurring, will be presented.

2.5.6 Synchronized Oversampled Model

For the oversampled case, all the filters and signals need to be specified on the oversampled
grid, denoted through (-). The general model for the kth sample from all receive antennas can
be defined as

yIkl = HreH;, Hpy ;X [kl +Hpyiy, K], (2.55)

where the filters Hgy, H;, , and Hy, ; , are essentially the same as in section 2.5.1, but contain
the responses on the oversampled grid. Comparing between a symbol-spaced and an oversam-
pled instance of the system, the filter lengths are increased, i.e., Lry = QLry, Lp = QLp, and
Lc = QLc. The statistical properties of n; [kl can still be assumed that of a white Gaussian
noise process with equal power across all frequencies?®. However, it should be visible that the
actual noise that is added as a perturbation, i.e., the term HRXﬁLRX [k] is not necessarily white,
but correlated over time depending on the receive filters.

Finally, consider the relationship between the input symbols or samples, and their oversam-
pled description XLC [k]. For this, consider the kth sample at the nth antenna, where all of
them are used to stack the previously mentioned vector, which can be defined as

J'Cn[k]=[hp,n[1+m0d(k,Q)] hp,n[1+Q+mod(k,Q)] -+ hp,[l+(Lp—1)Q+mod(k,Q)]

5]

|81

-]

Xn

,xn
(2.56)

20For fair comparison, it is important that the signal-to-noise ratio (SNR) inside the signal bandwidth is equal to
the SNR of the symbol-spaced case.
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where hp ,[1] is a filter of length Lp = QLp on the receiver sampling grid that represents the
digital pulse-shaping filter of the nth transmitter. The operators mod(:) and |-] denote the
modulo and flooring operation, respectively. Note that the transmit symbols, which influence
the current sample, only change every Q samples. From a receiver perspective, the pulse-
shaping filter can be combined with the analog filter Hr, i,- However, the digital filter can, up
to some limitations, be freely chosen in order to improve performance, whereas the analog
filter is fixed for a given hardware setup.

2.5.7 Oversampled Model Containing CFOs and SFOs

For the CFO and SFO impaired oversampled model we get

ylk] = Hee [k @, ;, [KIH;, [k]®r, ; [kIHy ; [KIX; (k] + Hpylklig, (K] (2.57)
= Hpx k1@, ;, [KIH; (k1@ ; [K1Hy, ; (KIHplk] XL, (K] +Heg[klng, (K], (2.58)

Fic ik
where the same definitions as above apply. Aside from the change in length for all filters, it
just needs to be mentioned that the carrier and sampling phase processes ¢.[k] and ¢.[k] are
now defined on the receiver sampling grid.

2.6 Results from the Literature

In this section, some results for the synchronization of MIMO systems available in the liter-
ature, and their relation to the models specified above, will be laid out. A recent survey of
synchronization research for SISO and MIMO systems can be found in [5]. Most of the works
in the literature only deal with one of the two timing impairments, i.e., assume the other one
compensated, and also assume block-wise frequency-flat channels. Furthermore, almost all of
them assume that the phase processes characterizing the timing impairments are sufficiently
well modeled, at least over the considered block, by linear phase ramps, or purely linear phase
2 2 2 2

0w =00, = 0 and 0o, =04, = 0. Tables 2.2, 2.3, and 2.4 summarize the most

relevant works. In case of a single CFO and/or SFO between transmitter and receiver, certain

drifts, i.e., o

SISO approaches and results can be used. Specifically, one may use approaches, which are not
influenced by the linear superposition of multiple signals such as data-aided algorithms based
on correlation with orthogonal training sequences, or blind approaches where the utilized
statistic is not affected by the superposition. More results about the synchronization of CFO
and SFO in SISO systems can be found in [5], confer also the standard books [3, 4].

In the following, there will be additional details on some of the most important results.

2.6.1 Important Results for CFOs

Besson and Stoica [63] derive the Cramér-Rao bound (CRB) for flat-fading MIMO channels
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Table 2.2: Summary of research on CFO synchronization for MIMO systems, under different
oscillator setups and channel assumptions.

Authors CFO Channel Contribution
Besson and Stoica | multiple flat fading Derivation of CRB and ML estima-
[63] tor for CFOs and channel.
Yao and Ng multiple flat fading Correlation-based estimator and
[64] CRB for CFOs.
Quetal. multiple selective fading Training sequences and subspace-
[65] based methods to lower estimation
complexity.
Ghogho and Swami | single selective fading Training sequences based on CRB,
(66] improving performance and lower-
ing ML complexity.
Ahmed et al. multiple selective fading Approximate ML estimator and re-
[67] cursive MMSE equalizer.
Zhang et al. multiple selective fading Frequency-domain estimation and
(68] equalization, by approximating
CFOs as constant phase shifts per
sample block.
Mehrpouyan etal. | multiple flat fading CRB, LS estimator, and tracking of
[69] phase processes with weighted LS
and extended Kalman filter.
Cheng and Larsson | multiple flat fading CRB and ML estimator for CFO,
[70] and achievable rate analysis for
massive MIMO.

with multiple CFOs, i.e., setup 4. One important result from the work is that the CRB is block-
diagonal, meaning that the estimation of the parameters of interest can be carried out for
each receive antenna m independently. Furthermore, it is noted that the estimation of the
channel and CFOs for each antenna depends on all channel parameters and frequency offsets
associated with that antenna. On the other hand, when a LO is shared at the transmitter
side, i.e., setup 3, the CRB for estimating the CFO is shown to become independent of the
frequency offsets. This is intuitive since each received stream experiences only a single, albeit
different for each receive antenna, frequency offset in this case. Since the exact expression
of the general CRB is rather complicated w.r.t. the mentioned dependencies, the work also
proposes using an asymptotic, or large-sample, CRB (asCRB). This result from [63] is given, in
our notation, by

CRB (i [0]) 5, CRB(A ) 5, (2.59)

as =————,as Ko mn) = , .
T 2Lye? P L3 0% I hnlO]12

where the frequency offset is Ay, mn = Ho,,n — Hyp,,m assuming, as mentioned above, aéw =

aén = 0. Additionally, the noise power is 0% = E[|ny[kl|*] and 6% = El|xr,,[k]|1? is the
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average power of the training signal from antenna n with total length Ly.. The maximum-
likelihood (ML) estimation of the parameters is proposed to be carried out in two steps. First,
estimate the CFOs. Then, estimate the channels. CFO estimation requires an N-dimensional
minimization of a likelihood function for each received antenna, which is computationally very
complex. Significant simplifications are achieved by using uncorrelated training sequences
from the different Tx antennas. In this case, each CFO can be estimated independently,
since the contribution of the other ones are suppressed due to the uncorrelated nature of the
transmitted signals. Then, either one-dimensional searches with periodogram techniques
or correlation-based estimators can be used to get the offsets. For channel estimation, the
obtained frequency offset estimates are used in a standard least-squares (LS) channel estimator.
Numerical evaluations show that the asCRB is very close to the CRB, and that the simplified
estimators achieve the CRB in the mid to high SNR regime.

In Ahmed et al. [67], the same simplified ML procedure as above is proposed, but for frequency-
selective MIMO channels with multiple CFOs, i.e., setup 4. The work also derives a recursive
minimum-mean-square-error (MMSE) equalizer, and shows that for the equalization of such
a channel, the equalizer needs to be updated for every symbol due to the CFO. Fortunately,
consecutive equalization matrices experience some structure, such that it is not necessary
to update the complete matrix for every symbol. Numerical results show that the proposed
approach performs almost as good as a system that does not incur timing impairments.

Mehrpouyan et al. [69] investigate the case of flat-fading MIMO channels with multiple CFOs,
i.e., setup 4, under the assumption that the phase process is solely a Wiener process, i.e.,
Apgmn = aén = 0. One significant contribution is the proposal of tracking the phase during
data transmission, using a weighted LS or an extended Kalman estimator. The estimation
structure makes use of several training signals. First, there are long, orthogonal between
different Tx, training sequences that are used for LS channel estimation to obtain the initial
state of the channel, similar to the previous two works. Then, there are data symbols inter-
spersed with pilot symbols, which are used for tracking in a decision-directed manner. The
numerical results show that the approaches perform well, but incur a 3 dB to 6 dB performance
degradation compared to a system with perfect channel estimation.

2.6.2 Important Results for SFOs

Wu et al. [62] derive an estimator for flat-fading MIMO channels that are oversampled and
incur a single SFO, i.e., setup 2. As is common in the SFO literature, it is assumed that the
sampling phase process is sufficiently well modeled by a constant for a block of symbols, see
Example 3. The first discussion in the work is focused on the optimum sample selection algo-
rithm, originally proposed in [61], which works by correlating the received oversampled signal
containing the training signal with said training signal, and choosing the sampling phase as
the sample that yields the highest correlation. In order to make the estimate independent of
the carrier phase, and lower the impact of other channel influences, the magnitude squared of
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the correlation is used for finding the sample phase. Additionally, since the same SFO is expe-
rienced at all Rx antennas, the result can be averaged across all training sequences and receive
antennas, in order to improve the performance. Naturally, this algorithm cannot estimate sam-
ple phases that lie between two sample points and, thus, only achieves a good performance for
high values of Q. A better performance is achieved by noting that the log-likelihood function,
which is used to find the best sample, is smooth. Essentially, an interpolated version of the
discrete log-likelihood function can be generated by employing a discrete Fourier transform
(DFET), which can then be used to obtain a more accurate estimate of the sample phase. Similar
approaches have also been proposed for SISO systems, e.g., in [71]. Numerical examples show
a significant performance gain compared to the optimum sample selection algorithm, and
suggest that the algorithm is viable for Q = 4. The results, furthermore, show that at high SNR,
the performance is limited by aliasing of the sampled likelihood function. In other words, a
higher Q is needed to improve the estimation performance further in such cases, rather than
a higher SNR of the estimation procedure, i.e., a longer training sequence or more receive
antennas.

Table 2.3: Summary of research on SFO synchronization for MIMO systems, under different
oscillator setups and channel assumptions.

Authors SFO Channel Contribution
Wu et al. single flatfading Correlation-based timing estima-
[62] tor working well with low Q, and

analytical MSE expression for it.
Rajawat and Chaturvedi | single flatfading Extension of [62], improving per-

[72] formance by exploiting knowledge
about the Tx pulse shape.
Nasir et al. multiple flat fading CRB-based training sequence de-
[73] sign and performance evaluation.

Nasir et al. [73] investigate optimal training sequences for flat-fading MIMO channels that are
oversampled and incur multiple SFOs, i.e., setup 4, also modeled as deterministic constants
for a block of symbols. The following conditions for optimal training sequences, in the sense
of a hybrid CRB, are obtained: training sequences from every Tx exhibit a 7 radians phase
shift every symbol, they are mutually orthogonal, and the training sequence from any Tx is
orthogonal to + T-shifted training sequence from every other Tx. A MAP estimator for channel
and SFO is derived, which works similar to the CFO estimators outlined in the previous section,
by first estimating the SFO through some search, and then estimating the channel through LS.
Simulation results show that a significant performance gain can be achieved when training
sequences are used that meet the three conditions approximately, e.g., a certain set of Walsh-
Hadamard codes, compared to ones that violate them. It is also seen that a relatively low
estimation error is achieved with Q = 2.
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Table 2.4: Summary of research on joint CFO and SFO synchronization for MIMO systems,
under different oscillator setups and channel assumptions.

Authors CFO SFO Channel Contribution
Naguib et al. single single flatfading Full MIMO system concept and per-
[61] formance evaluation, correlation-
based estimators.
Kannan et al. multiple multiple flatfading ML-based timing estimator and ex-
[74] tended Kalman filter for channel
tracking.
Komninakis et al. | multiple multiple sel. fading Kalman-filter-based channel esti-
[75] mation and tracking, as well as
MMSE DFE equalization.

2.6.3 Important Results for Both Timing Impairments

As in the previous section, it is assumed for the following works that the SFO processes can be
modeled as a constant for a block of samples or symbols.

In Naguib et al. [61], a full modem concept for flat-fading MIMO channels that are oversampled
and incur a single CFO and a single SFO, i.e., setup 2 for each of them, is proposed. The frame
structure is made up of a long training sequence at the start of each frame, and shorter
pilot blocks between the data, both of which are assumed to be mutually orthogonal among
different transmitters. SFO compensation is done by the optimum sample selection algorithm
discussed in the previous section. CFO estimation is treated as part of the MMSE channel
estimation, assuming that there is only a small residual offset of less than 0.1 ppm. In order to
gain channel estimates including the CFO for the data part, an interpolation is used between
the spread out pilot blocks. Numerical results show the viability of the concept, also including
Doppler effects and mildly frequency-selective channels, with a training/pilot overhead of
20%.

Kannan et al. [74] explore flat-fading MIMO channels that are oversampled and incur multiple
CFOs and multiple SFOs, i.e., setup 4 for each of them. Due to the complexity, it is proposed to
separate the estimation and compensation of SFO and CFO. First, the sampling phase offset is
estimated using a training sequence in an ML procedure, by performing a grid search over
reasonable values. Compensation is done with a parallel filtering structure, whose weights
are suggested to be precomputed for different timing offsets during system design, due to the
immense complexity involved in determining them. The timing corrected output signal is then
downsampled to symbol rate, and fed into the CFO and channel estimation and compensation
part. Here, an extended Kalman filter, which is initialized with a known training signal, is used
to deal with both of them at the same time. Decision directed updating of the filter is used
during the data part in order to improve the performance. The simulation results show that
the approach is feasible, leading to a performance degradation between 3dB to 6 dB w.r.t. a
system with perfect channel estimation and synchronization. They also suggest that sampling
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offset errors are less severe compared to CFO/channel errors, and that catastrophic error
propagation can occur in the decision directed part for certain SNR regions.

The paper of Komninakis et al. [75] investigates a general time-varying frequency-selective
MIMO channel. The MIMO channel is modeled as an autoregressive process, and a Kalman
filter that is able to track the time variations based on that model is designed. One drawback of
this approach is that the timing impairments are not described explicitly, which can make the
model more complex than necessary. A MMSE decision-feedback equalizer (DFE) is proposed
for MIMO channel equalization, where due to the time gap between the Kalman filters channel
estimates, an additional channel predictor is required. Simulation results show the viability
of the approach, but also show that there are significant performance gaps compared to an
ideally synchronized system for certain parameter ranges.

2.7 Summary & Main Results

In this chapter, the system fundamentals of frequency-selective MIMO systems with multiple
timing impairments have been laid out. It was first shown, based on the general continuous-
time system model, that the spatial multiplexing gain and frequency selectivity in LoS MIMO
systems occurs due to spherical wave propagation, and depends on the geometric arrange-
ment of the antennas. A general phase process model that can describe the timing impair-
ments of independent, non-ideal oscillators, which are used for carrier and sampling frequency
generation in the MIMO transceivers, has been introduced. It consists of a Wiener process
with drift, and a white noise process. The possible oscillator configurations that can be used
in MIMO systems have been described, and the discrete-time model for the general case with
independent oscillators has been derived. It is seen that even for static pure-LoS transmission
channels, the complete system including the timing impairments is time varying due to the
CFOs, and both time varying and frequency selective due to the SFOs. It was also briefly
discussed where the sample drop/add problem for continuous transmission comes from,
which will, however, not be treated further in this work.

Finally, relevant results from the literature have been surveyed. It was seen that most of
the results focus on one of the two impairments and assume the other one compensated
or negligible. One important conclusion is that mutually uncorrelated training sequences
from different transmitters simplify the estimation procedure for the channel and timing
parameters significantly. Furthermore, if the channel is frequency selective, the training
sequences should have a well-localized autocorrelation function to make channel estimation
easier. Due to the number of parameters that need to be estimated, the procedure is generally
very complex and most works suggest to perform the estimation consecutively. The most
common estimation order seems to be: first SFO, then CFO, and finally channel. Correlation-
based estimators are shown to yield good performance with reasonable complexity for CFO
and channel. In the case of multiple SFOs, the few proposed methods rely on some form of
grid search over the possible parameter range, making these approaches rather complex. It is
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also seen that tracking of the channel, e.g., in a decision directed manner, can improve the
performance during data transmission.
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8] Parameter Estimation in MIMO Sys-
tems

This chapter deals with estimating the multiple channel and timing parameters that occur in
MIMO systems and impair the transmission of data.

3.1 General MAP and ML Data Estimation

Ultimately, the receiver should be optimized in order to minimize the detection error of any
sequence of transmitted symbols x;,,, given the received sample sequence y; [4]. In order to
achieve this goal, the following derivations can be used for the MIMO case, similarly to the
SISO case discussed in [4]. Generally, the sequence of symbols x7,, needs to be found that
maximizes the a-posteriori probability, i.e.,

. ) p Vi, X)) P (XL
X, =argmax [p(x,|y; )] = argmax [ i, _T) (xiz) 3.1)
Xy Xy p (Vi)
argma [p (3, bx1,) p )] 62
XLT

where X7, are the estimates of the transmitted symbols and p(-) is a PDF or a probability
mass function (PMF). Assuming all possible transmitted symbol sequences x;, to be equally
probable, this MAP approach reduces to the ML approach that just depends on the conditional
density p (yLR|xLT), which describes the connection between input symbols and received
samples. In order to generalize the following derivation, a generic form of the oversampled
MIMO model, which includes all previously mentioned system setups and where all of the
impairing effects are combined into a single time-varying matrix, will now be used.

The connection between Lt input symbols from N transmitters, denoted by the vector x;, [k] =

T .
[x[k] x[k-1] --- x[k—Lt+ 1]] , and Lg received samples from M receivers, denoted by
. T
Vi, Lkl = [)'I[k] ylk—-1] --- ylk—Lg+ 1]] , at time k can then be written as
Vi, (k] = Hg [k]xp, [k] + nj, [k], (3.3)
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where Hg [k] is a block-Toeplitz matrix containing all effects due to CFOs, SFOs, frequency se-
lectivity due to the channel and Tx/Rx filters, as well as Tx pulse shaping. The structure of Hx[k]
. T
will be revisited at a later stage. Furthermore, i [k] = |n[k] A[k—1] --- Alk—Lg+1]
with fi[k] = Hpy[k] ﬁZRx [k], which is a complex Gaussian noise process that is shaped by the
receive filters, see also section 2.5.7. The PDF of the noise is a multivariate complex1 Gaussian,
given by
p(hy,) = ————exp(-al c3'ay,), (3.4)
® - det (mCpq) Ly ™0 Lk
where the noise is assumed to have zero mean, i.e., E[ﬁLR] = OMLRXI based on E[ﬁLRx (k1] =
0y, x1 With E[72,,[k]] = 0. To simplify the notation, the time dependence of the PDF has been

omitted here. It will be seen in the next section that the noise correlation Cz = E [ﬁ ALl ﬁ? (k]

R
varies with time due to the variation caused by the SFO. For a given trial value of x;, the
variable transformation p (fi; ) = p (¥;, — Hexz,) yields the conditional density

A 1 . H -1
pVi,lxnHe) = gooes exp (- 2, ~Hexa,)" €3 (v, — Hexry)) 3.5)

Like for the correlation matrix Cg, the combined MIMO channel matrix Hg is also time
varying, due to the CFOs and SFOs, but the dependence is omitted in the notation for now.
Note that compared to (3.2), this PDF is additionally dependent on the channel parameters
H¢. With respect to optimal detection, those parameters should, thus, be seen as unwanted or
anuisance, and can be removed through marginalization, i.e.,

X1, = argmax [P (xL.) p (Vi 1XL)] (3.6)
Lt

= argmax p(xz,) f p (Vi Ixr,, He) p (He) dHg |, 3.7)
Lt

where p (Hg) is the joint PDF of the MIMO channel parameters describing the potential a-
priori knowledge about their statistical properties [4]. This optimal processing structure is
very complex because the previous integration needs to be computed for all possible values of
H¢ for each trial sequence xp,., especially considering that the parameters are time varying in
general.

Another approach is to view the channel parameters as desired parameters and maximize the
probability w.r.t. the symbols and the MIMO channel, i.e.,

[%1,, He] =argmax [p (v, Xz, He) p (x1,) p (He) ], (3.8)

X1 Hg

where independence between data and channel is implied. It is seen that in this approach

1To be precise, this complex form of the distribution only contains all information about the signal if it is circular,
i.e., real and imaginary part are uncorrelated and of equal variance [28, 76]. This property will be encountered
again in chapter 5, which is concerned with practical implementation and where IQ imbalance is of importance.
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there is no separate channel estimation or synchronization unit. Instead, joint estimation and
detection needs to be carried out. In most cases this procedure cannot be implemented, due
to the enormous parameter range of Hz. On the other hand, the possible values of x;, are
known, based on the type of modulation. Thus, a possible, but suboptimal strategy, because
we may get stuck in local maxima, is to proceed as follows

He(xg,) = argmax [p (i, X, He) p (He)] 3.9
C

X1, = argmax [p (¥, X1, He = He(x1,)) p (x2,)], (3.10)
XLT

where an estimate of the MIMO channel parameters ﬁc (x1,) for each possible symbol se-
quence is first derived, which is then used in the second step as if it were the true value in
order to compute the symbol estimates. Still, computing channel estimates for each possible
symbol sequence is very complex, especially for time-varying MIMO systems. However, this
approach leads towards separating the tasks of estimating the MIMO channel parameters Hg,
and detecting (or estimating) the symbol sequence Xy,

To be precise, the detection is performed with a channel parameter estimate Hg, assuming
that this estimate is close to the actual value of the channel and independent of the transmitted
symbol sequence, i.e.,

X, = argmax [p (¥, x,, He = He) p (x,)]. (3.11)
Lt
Solving this problem will be treated further in the next chapter. For now, the focus is on
obtaining the estimate ﬁé- There are two approaches that are commonly taken to solve this
problem. The first one, often referred to as data-aided (DA) estimation, works by doing the
same thing for the channel estimation procedure that was done for the data detection above.
Specifically,

He =argmax [p (§, IxL, = xm He) p (He)] (3.12)
C

where x7; is a training sequence? of known symbols that is sent separately from the data
in order to identify the channel. If there is no prior information about the distribution of
the channel parameters, which is often the case in practice, p (Hg) can be omitted from the
maximization. This implicitly means that all channel realizations are equally likely. A related
approach is called decision-directed (DD) estimation, where decoded data symbols are used
instead of a training sequence in (3.12). For this approach to work, it is necessary that the
decoded data is correct with a high reliability. It is helpful for systems where the channel
parameters vary with time, e.g., due to CFO and SFO, so that the estimate can be updated

2In general, the channel estimate depends on the training sequence, i.e., I:IC = HC (xrr). With a suitable choice of
training sequence, however, this dependence can be almost eliminated. It is also important that the training signal
resembles the data signal that ought to be transmitted in certain aspects, e.g., in terms of occupied bandwidth.
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without retransmission of a training sequence.

The second approach for estimating Hg works similarly to (3.7), but instead of marginalizing
out the channel, the data is removed. This is done as follows

Hg=argmax |p(Hg) . p(Vi, X0, He) p(xL;) (3.13)
c XLy
=argmax [ (He) p (¥, /Hc)]. (3.14)

C

These approaches are called non-data-aided (NDA) or blind.

3.2 DA Channel Estimation

The problem of estimating the channel, for which a solution is sought, is given for Gaussian

noise by
Hg =argmax [p(y; Ixz, =xm, Hg) p (Hg)] (3.15)
¢
= argmax ;exp(— (v; —H~xTr)HC?1(yL —H~xTr))p(H~) , (3.16)
H det (nCg) oG n Vlg TC ¢

assuming that the training signal x7y is known. This problem can be simplified by taking the
logarithm of the PDF, i.e.,

He = arg}rlnax [log(p (¥, XL, =xm, He) p (Hg))] 3.17)
c
1 . H -1 (.
= arg}rllzax [logm — (i, —Hexn) Cq' (v, —Hexr) +logp (He) (3.18)
1 . 1. . -1
= arggclax [bgm ~¥} Ca'Vi, +¥} Cq'Hexn .

+ (Hexn)" €31, — (Hexn) ' C3 ' Hexay +log p (He)

It is seen that in order to compute the above, knowledge about Cg is required. This correlation
matrix is given through

Calk] =B [y, [KIA]! (k]| (3.20)
. . H

=B | (He gl ki, (K1) (Hgpylkliy (k1) ] 3.21)

= He o KIE [, [0 (k)| HE (K (3.22)

= He py [K]-N-HE (K], (3.23)
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2
7

where N=1; ®diag(c? ,0
C,Rx n
= E[|71,,[k]|?], which are assumed to be constant over time and are often also assumed

2

’;I»rn . . . .
to be equal between different receivers. The length L¢ g, is defined by L¢ g, = Lr + Lrx — 1,
consisting of the length of the received sample sequences Lg and the length of the receive

.,U%M) contains the noise powers of the different receivers,
ie,o

filters Lpy. Furthermore, the combined receive filter matrix HC’RX[IC] is given by

HRx[k] OMxM(LR—l)

Orxv Hexlkl  Oppnpiin2)
Heplkl = M ’ (329

(MLpxMLgg,)
Oprum(ix-1) Hrx[K]

which is a block-Toeplitz matrix of the receive filters, see section 2.5.3 for their definition.
Furthermore, the first two terms in (3.19) can in general not be omitted, because they are
dependent on a part of the complete channel through Hgy[k]. Let us briefly revisit why
the discrete-time noise correlation matrix Cg[k] is time varying, when SFOs are present. In
continuous time, the noise process is shaped by the linear analog filter hgy ,,(#) of each receiver
front end. The statistics of this continuous-time colored-noise process are time invariant.
However, when this process is sampled with a non-ideal sampling phase process, the statistics
of the discrete-time colored-noise process change over time, due to the non-flat characteristic
of the colored noise. The noise process can, thus, be equivalently modeled in the discrete-time
domain with a time-invariant, in terms of its statistics, white Gaussian noise process n;, [k],
and a discrete-time low-pass filter hry m [k + drx,m k1], whose coefficients slightly change
according to the sampling phase process.

The maximization of (3.19) requires a search over the continuous parameter space of Hg,
which is practically infeasible for most systems. In order to continue with the ML derivation,
the term Hgxry will be restructured to XTrhc, which consists of a matrix containing the training
signals, and a vector containing all channel parameters. The estimation problem then becomes

2 1 . - \H 1. . .
hC = argg;ax IOg m - (yLR _XTrhC) Cﬁ (yLR - XTrhC) + logp (hc) (3.25)
1 . 1. . 1 :
= arglr_lnax log m _ngRCfl yLR + yIIZIR Cﬁ XTrhC
c (3.26)
+heXiChly; —hEX Gy Xhe +log p (he) |.
= arg;nin logdet(nCpq) + ylgRC;llyLR - y}L'R CgIXTrhC
c (3.27)

Tr™~n

~heXiChly;, +hEXCh Xrhe —log p (he) |.

A way of minimizing this equation is to take the partial derivatives w.r.t. the desired channel
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parameters, and set them equal to zero, i.e.,

a . .
0= ohc log (p (1, 1x1, =Xt hc) p (hc)) (3:26)
C
3 0 . -1 . -1 ;
= E(logdet(ncﬁ) +y]£IRC,~1 Yiz —YIL{RCﬁ Xrrthe (3.29)

—heXCyly;, +he X Ch ' Xrrhe — log p (he))

o , B 9 .
~ -y Cp' X + hgX3.C, ' Xy — —log p (h), (3.30)
R ohc

where for (3.30) it was assumed that Cf_l1 is independent of flc. Although not exact, this
approximation is well justified, when the receive filters have limited impact on the complete

transmission characteristic, i.e., hipx , (f) = sinc (n T L RX)
nom,.

It is now further assumed that there is no information about the prior distribution of the
channel parameters p (hc), which leads to

he X, C Xy = ;) €' X (3.31)
X5Cq Xnhe = X5C1 'y, (3.32)
— helkl = (XHC5 (kX)X G (kT -y, (K], (3.33)

with (C;HH = (€)' = C-! since Cj is a Hermitian matrix, and accounting for the time
dependence of the parameter estimates due to the timing impairments.

Similarly, an ML estimator for the noise correlation matrix can be obtained, by using the same
method and assumptions, with

9 . . .
0= - (logdet(rCa) + (¥;, ~Xrehc)" C' (v;, —Xrhe) ~logp (hc))  3:39)

~ oCs
~C;' - C5 (, - Xwhe) (¥, —Xwhe) ' C;! (3.35)
= Calkl = (§;, K] - Xnhelk1) (37, K] - Xahe K1) (3.36)

using again the Hermitian property of Cs. It is seen that the estimators of (3.33) and (3.36)
influence each other in general. In order to decouple them, we can consider a part of the
training signals, where a zero signal is transmitted from all Tx simultaneously, i.e., Xt = 0 or
x1; = 0. In that case, the estimator becomes Cg[k] = Vi [k]yLHR [k] =n;j (k] ﬁ?R [k], and averaging
over several of these noise observations, i.e., Cz[k] = Lil 20 Vi lk+ lI]yEIR [k+ I, will give a good
estimate. Averaging, and using the estimate for the estimation in (3.33) only makes sense if
the correlation matrix is approximately time invariant over the corresponding time frame,
i.e., Calk]l = Calk + 1] with [} = {1,..., L; — 1} being the time frame in samples. From here on

3Technically, the second derivative of the equation also needs to be checked.
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forward, it will be assumed that the noise correlation matrix is known, or estimated accurately
with the method just described.

3.2.1 Basics for Training Signals

DA channel estimation requires suitable training signals xt; of length Ly to identify the MIMO
channel parameters. Designing such signals is a wide area of research [77, 78, 79, 80], as it can
lower estimation complexity and improve estimation performance, confer section 2.6. The
following assumptions will be made about the training signals that will be used for parameter
estimation:

1. Training signals x7; are time multiplexed with data signals x[k]

2. Each transmitter has a training signal x7y ,, thatis uncorrelated to all of the other transmit-
ters training signals, i.e., .7, X1y, [I1y + 17, s [lmx]=00rE [xTr,n1 [l + 1], s [l =0
forVI,Vn; # ny

3. Training signals have an ideal (impulse-like) autocorrelation function, or are uncorre-
lated to time shifted versions of themselves on the symbol time grid, i.e., ¥, X1r,n [y +
N5, [l] =0 for VI #0,Yn, or E [xTr,n[lTr + 0, n[lTr]] =2 .61l

xTr, n

4. Training signals are approximately uncorrelated to the data sections, i.e., 3., Xp, [I1r +
K1x3, . i) = 0 for VK,V ny, np, or E [xn1 [l + Kl . [lTr]] ~0

A general treatment of signals with good correlation properties can be found in [81]. Some
sequences that work good in practice and approximately fulfill those assumptions are: pseudo-
noise- and m-sequences, as well as Zadoff-Chu sequences.

A final question that needs to be answered is how long training sequences need to be in order
to identify the parameters. On the fundamental level, the channel has M - N - L.c parameters,
which change at every time step k due to the timing impairments. Clearly, in this case we
need to continuously transmit training signals to keep track of the ever changing channel
parameters. It is now assumed that the time variations are slow w.r.t. to the symbol duration,
meaning that the channel is approximately time invariant over a certain time frame, i.e.,
Hc[k] = Hclk + [j] see appendix A.2. In such a frame, where the channel is approximately
time invariant, at least (N+1)-Lc—1 training symbols are required [82] from every Tx in order
to uniquely identify the responses to all Rx. A simple scheme is obtained by time multiplexing
a training signal x7y » with an ideal autocorrelation function, see the following Example 4.

Example 4. Consider a small MIMO system with M = N = 2 and Lc¢ = 2, which is approximately
time invariant withHclk] = Helk+1] = Helk +2] = Helk +3), i.e., Ly = 4. Furthermore, assume
the noise to be negligible. Accordingly, 5 training symbols are required. The training signals from

T T
the two antennas can be chosen asXg.,; = |0 xTTr 4 0 0] , XTr2 = [0 0 0 x% 4| » where
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T
XTrA = [1 0] is chosen in this example. Transmitting these training signals gives the following

ylkl = Helklxp (k] = HelkIx7:(0]
ylk +1] = Helk + 1xg [k + 1] = Helk + 11xg(1] = HelkIx (1]

This can be written in a more compact form as

yIk ylk+1] ylk+2] yik+3]| =Helkl [xnl0] xp(l] xpl2] xpl3]

o = O O
o O -
- o O O

which means that organizing the received samples as |ylk] ylk+2] ylk+1] ylk+3]| di-
rectly gives an estimate of the channel matrix for this training signal structure. Note that the
first zeros in these particular training sequences, and the first Lc— 1 symbols in general, are
necessary to have known initial states of the channels.

In practice, we would not choose such impulse-like training signals as in the example due to
their bad envelope characteristics. However, any training sequence x4 with ideal autocorre-
lation properties can be time multiplexed in this fashion to estimate the MIMO channel in a
simple manner.

Some trade-offs and comments about training signals should be mentioned. In general, longer
training sequences, i.e., allocating more power towards training, improves the quality of the
estimates, but lowers the overall data transmission rate of the link. However, when the timing
impairments influence? the correlation with the training signals, increasing the length of
the training signals will not always improve estimation performance. On the other hand,
the channel estimate obsolesces due to the timing impairments, which means that frequent
reestimation is required given that there is no structure for the timing impairments. Finally,
it was assumed that the training signals are sent from all transmitters simultaneously. For
distributed systems and also for independent sample clock generation on the Tx side, this
may not generally be the case. With training signals that are uncorrelated to the data, we can
still estimate the MIMO channels, but observe the responses from different transmitters at
different points in time. Whether or not they can be combined in a meaningful way depends
on the time variation of the channels between the observation points.

4This is important when the time variation due to CFO and SFO is significant w.r.t. to the length of the training
signal.
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3.2.2 On the Need for DA Estimation in MIMO Systems

Blind methods have been mentioned as a means for parameter estimation at the beginning of
this chapter. The problem with fully blind receiver structures is that, aside from the complexity
that they often entail, they also suffer from a phase ambiguity, which needs to be somehow
resolved. For MIMO systems this problem is further enhanced, as each received stream suffers
from this ambiguity. Thus, as long as no additional coding across the streams is considered,
some training signals are always required to resolve the ambiguities. In the following, the focus
will, hence, be on transmission schemes using training signals. Nevertheless, the estimation
of certain parameters in the system, such as CFOs and SFOs, can be carried out blind for some
oscillator setups, as will be briefly discussed in chapter 4.

3.3 Estimators for Different MIMO Setups

In the following, MIMO system setups under different timing impairment conditions will be
investigated, and the simplifications of the ML channel parameter estimators will be shown in
these cases. Only oscillator setup 4, i.e., independent phase processes in each Tx/Rx chain for
carrier and sampling phase generation, respectively, will be considered, as it encompasses
all the other cases. For a discussion on the applicability of other known timing estimators to
MIMO systems with different oscillator setups, refer to section 4.2 of the next chapter.

3.3.1 Synchronized Symbol-Spaced Model

When no timing impairments are present, the MIMO channel parameters do not depend on
k in the case of a static link setup, e.g., a backhaul scenario. The combined MIMO channel
matrix is given for symbol rate sampling (Q = 1) as

Hc  Omxng-1
OmxN Hc OMxN(Lz-2)
He = . ,

Omxniz-1) Hc

which is a block-Toeplitz matrix, depending only on the time-invariant transfer characteristic
Hc = HrcH;, Hryx 1. The vector of the desired channel parameters is given by

T
— T\ _ [T T . T
hc =vec(Hg) = [hC,LC,l he po he v o
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and the training signal matrix follows from the convention in (3.3) as

'IM®[X,¥I[LT_1] Xrll:r[LTr_LC]]-
Xpp = : )
Lo |xhiLcl - xb]
o |xhiLc-1] - xho]]
with xg[1] = [xTr,l (1 xplll - xTr’N[l]]T, and from the previous section Lty = (N +1) -

Lc—1. As is pointed out in the literature and also seen here from the Kronecker structure, the
estimation is decoupled for every receive stream m. This means that the channel estimation
can be carried out at each receive stream in parallel® from the following

I [Lyp—1] - xL[Ly—L

Ymlk] b= 1 gl Ll K]

: - : {L | T:[l] he rom+ : , (3.37)

X llc Xy =

k—Lg+1 k—Lg+1

‘ym[ vR+ ], X?r[LC_l] . X%[O] ‘nm[ . R+ ],
YLR,m[k] ~ X v - ﬁLR,m[k]
Tr,M=1

where Ly = Lty — Lc + 1. With the estimate of the noise correlation matrix Cg, this gives the
estimator® for the complete system, or for each receive antenna as

A A -1 ~_

helkl = (X5Co ' Xr) XnCqt -y, (K], (3.38)
or

A . -1 .

he re,mlkl = (X%,lecﬁ,lnxTr,M:l) X’II_I‘r,lecﬁrln “Yig,mlk]. (3.39)

In general, no further simplifications are possible on these estimators due to the structure of
Ci.

When the receive filter characteristic is approximately ideal, i.e. hgx;;(f) = sinc (n T L Rx)
meaning that the noise correlation matrix becomes diagonal, and using the assumptions
about the cross- and autocorrelation properties of the training sequences from the previous

section, i.e., X Xy = Iy, and X% vi=1 X1, m=1 = Iy, the estimators simplify further to

helkl =X -y, (K], (3.40)

5This is only possible if the noise correlation matrix Cs can also be decoupled for each received stream, which
holds true.

6The estimates of the channels in the right order are only obtained if the used received sample set Yiglkl
matches with the arrangement of the training signal matrix Xry. This requires some form of finding the training
sequences in the received sample stream, which can, for example, be achieved with correlation and peak detection.
Furthermore, the estimate varies with time as it depends on the current observation of the output yy, [k], which
varies with time due to the noise.
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and
he rom K1 =X oy Yigmlk]. (3.41)

In other words, in this case the estimation for each mnth channel characteristic is done by
using the mth received stream and the training signal from the nth antenna, and performing
a matched filtering (or correlation) between the two. Note that this is an ML estimator only
when the aforementioned conditions can be met.

3.3.2 Symbol-Spaced Model Containing Only CFOs

When only CFOs are considered, the MIMO channel varies according to the combined effects
of the different carrier phase processes. The combined channel matrix is then, for the symbol
rate case, given as

Hclkl OpxnN@g-1)
Oprx N Hclk] OMxN(Iz—2)
OrxN(z-1) Hclkl

which is again a block-Toeplitz matrix, but depending on the time-variant transfer characteris-
tic He[k] = Hpx @Ry 1, [K1HL, ®P1x 1, [K1HTx 1,. The vector of the desired channel parameters
can be given as

T
hc[k]:vec(HE[k]):[haLC,l[k] hi, 0kl - hi, k|

It is seen that the channel parameters change every time step k due to the carrier phase
processes, which makes estimation difficult. Continue by assuming that the channel is approx-

imately time invariant w.r.t. the length of the training sequence7, ie., hgy Lol (k] = ha Lol [k+ 1],

or ¢rxlk] = prx[k + Ity] and Ppryx[k] = Pppry[k + I1y] for Ity = {1,..., Ly — 1}. This leads to a very
similar signal model as above, i.e.,

Yigmlkl =Xt m=1h¢ 1o, m K] +0p mlk], (3.42)
and, thus, the same estimators as above can be used, e.g.,
he Lo m K1 =X, oy Yigmlk], (3.43)

but where the channel vector estimate now varies due to measurement noise as well as the
CFOs.

When looking at the variation of the channel estimate for this model over time, investigated

"There are other results in the literature that do not require this assumption, but require the phase processes to
be linearly increasing, or, in other words, linearly drifting [63, 65, 67].
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more deeply in section 3.4.4, we can see that in the noise free case only the phases of the
estimates, i.e., arg (ﬁc, Le,mlk1), vary with time while the magnitudes are constant. A model
for the Icth channel tap of the mnth antenna pair in this case is given by hc mnlk, Ic] =
el Apmnlklcl he,mnllcl, where A yplk, Icl = g nlk — Ic + 1] = ¢pprx,m[k]. Thus, an estimate of
the phase processes can be obtained, by observing the phase change of the estimates over
time. In particular the phase change between two estimates, which corresponds to the carrier
phase changes, can be given as

Adr.mikl=h¢, (klohc [ mlk+Lg], (3.44)

where Lg is the number of samples between the two estimates, and A(i) Le,mlk] contains the
carrier phase differences between all transmitters and the mth receiver, weighted by the power
of the corresponding tap. In general, the phase variation is the same for every tap of a given
Tx/Rx antenna pair, which means that they can be combined in a sensible way depending on
the quality of the estimate, e.g., by averaging the argument of different taps for an mn pair.
Compared to the combined phase process matrix A®[k], which was defined in section 2.5.2,
the estimate A¢ Lc,mlk] contains the phase processes across Lg samples instead of one, is
not normalized, and only corresponds to the mth row. When the phase processes are simple

linearly-increasing (or linearly-drifting) functions for those Lg samples, i.e., O'éw = O'in = 0 for
these samples, the mapping between the two becomes
ej'é arg(A(ﬁIC’I [k]) ej'é (arg(ﬁEchyl [k+LE])—arg(ﬁgchyl [k]))
o ej'i arg(A(ﬁEc'Z [k]) ej'i (arg(ﬁgic»? [k+LE])_arg(ﬁaLo2 [k]))
A®[k] = = . (3.45)
o bl | | o ) )

Depending on the shape of the phase processes, e.g., linear drift or more complicated function,
the interval Lg can be increased and the mode of combining several estimates can be adapted.
When the contribution® of the Wiener process is high, i.e., severe close-in phase noise, a low
value for Lg is necessary and only the most recent estimates may be used for averaging. On
the other hand, when the linear phase ramp dominates, averaging can be performed over a
long time frame, or, equivalently less frequent estimation is required. However, even in such
a case Lg cannot be arbitrarily large, as phase ambiguities need to be avoided. Considering
the highest linear increase from section 2.4 u,, , which yields a combined phase process with
twice that value as a slope, we need to measure the phase change before the drift due to that

8Note that this needs to hold for the oscillators on both the Tx and Rx side. In other words, combining two
linearly drifting phase processes yields a combined linearly-drifting phase process, while a nonlinear process on
one side leads to a combined nonlinear phase process.
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increase reaches a value of 27, or something smaller. This can be expressed by

27
— >2Uyp, - Lg (3.46)
a
= [g< (3.47)
a- fe,
/4
~Lg< [——‘ , (3.48)
4,

where a is a factor that needs to be suitably chosen, e.g., a = 4 has been found to work well in
practice, and [-] is the ceiling operation.

So far, the estimation of all N- M, or N- M - Lc, when they are different for each channel tap,
phase processes that can be observed at the receiver has been considered without taking the
structure of the problem into account. However, there are only N + M phase processes present
in the system, which are combined into the rank-one matrix A®[k] through a vector product.
Taking this property into account will be briefly investigated in the next section, as it can
improve estimation performance and allows for efficient equalization, as will be seen in the
next chapter, especially for large system sizes.

Exploiting the Structure of the Combined Phase Processes

Consider that an estimate of the combined phase process matrix A®[k] is available. It was
described in section 2.5.2 that this matrix is generated by a multiplication of the transmit and
receive phase process vectors, i.e., A®[k] = ¢py[k] (11 1 ® ¢Tx[k])T. Thus, we need to find a
method to get from the matrix estimate A®[k] to the estimates of the individual processes
1< [k] and Pry[k]. It is important to note that there is some scaling and ordering ambiguity,
when considering just one instance of the estimate. For example, exchanging the phase
process values between Tx and Rx yields the same matrix. The problem is further complicated
by the fact that the matrix estimates are noisy, meaning that the observed matrix will not
always be of rank one. Let us briefly elaborate on that point. Assume the estimates can be
written as A®[k] = A®[k] + n[k] 11« N1, where n[k] is a vector of independent Gaussian noise

9 is seen for all

entries. The last term thus presumes that the same noise process of a receiver
phase difference estimates associated with it. Since the term n[k]1;x 7. is a multiplication of
two vectors, like A®[k], itis also a rank-one matrix. Then, we can use the subadditivity of ranks,
which is rank (A®[k] + n[k]11xnz.) < rank (A®[k]) + rank (n[k]1;« N1 ), showing that the rank
can be higher than one. A general iterative solution to the noisy rank-one decomposition can

be found in [83].

Only a simple method, assuming that the noise is negligible, and aided by the fact that the
magnitude of the matrix and vector entries should always equal to one, will be described here.

9Whether this is true or not is left open. However, the worst case assumption is that a noise matrix N[k] with
completely independent entries is added to A®[k], in order to yield the estimate A®[K]. In this case, N[k] is full
rank, to be specific rank (N[k]) = min (M, NL¢). The rank can in this case, thus, also be higher than one.
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Given these assumptions, any row of A®[k] can be taken to be an estimate for the Tx processes,
or any column of it to be an estimate for the Rx processes. Whichever row or column is chosen,
the corresponding transmitter or receiver phase process acts as a reference for the rest of the
system, meaning that the estimates only show the differences w.r.t. that phase process. The
following operations'® need to be carried out in order for the mth receiver to be the reference

1
Prelkl = (11ch o Iy)AdD! [kle,, (3.49)
Prylk] = —LAcD[k] (1101 ® P [K), (3.50)

where e, is the mth basis vector, i.e., a zero vector with a one in the mth entry. For a transmitter
to be the reference, the operations change to

relk] = Ad(kle,, ;. (3.51)

1
brilk] = VLo —— (L1xr. ®In) A®T (K1, [K]. (3.52)

Without loss of generality, e; can be chosen for both approaches, since it does not matter
which stream is chosen as the reference!!. Through substitution it can, furthermore, be
seen that (ﬁRX[k](l Lex1® (ﬁTX[k])T = A®D[k]. Finally, the effect when this approach is used
for compensation will be investigated. The phase processes effects can be compensated by
multiplying the received and equalized streams with the complex conjugate of the estimated
phase process, see also the next chapter. If the multiplication of estimated value and actual
value yields one, the effect is optimally compensated. Assume receiver one as the reference
and A®[k] = A®[k], which yields for the transmitter part

1y =Py k] © B, [K] (3.53)
—«pTx[k]e . (lleL@’IN)A(DH[k] (3.54)
—(PTx[k]@ 1 (lleL®IN)(1LL><1®¢TX[k )ppykley (3.55)
Lkl 0 ¢%X[k]¢§x,1 (k] (3.56)
1N “ g1 K] (3.57)

101f the phase processes are different for the taps of a Tx/Rx antenna pair, the Kronecker products can be removed
and longer vectors can be used.

U11f there are significant SNR differences between the Tx/Rx pairs, the reference should be chosen to be the one
with the highest SNR. For example, if one transmitter has significantly higher transmit power than the other ones,
it should be chosen as the reference.
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Using this result, the receiver part is given by

1nix1 =Prx K] © i [K] (3.58)
=prelkl @ NLLCAcb*[k] (12cx1 ® Prylk) (3.59)
= Prylk] © NLLCM‘{X[k](lLCxl ® Piy kD" (L1 ® Prylk]) (3.60)
Lkl o NLLC‘/’EX[’““M & Pl (1101 ® Pry[KI b K1) 361
L pry [k © @7 [K1Prs,1 [K] (3.62)
é11\4x1-</)RX,1[k]. (3.63)

It is seen that the residual parts do not equal one. The term from the receiver side is seen to
be the phase process of the chosen reference receiver, while the term from the transmitter
side is seen to be the conjugate complex of that process. Since joint phase variations can be
shifted throughout the processing chain, see the next chapter, the two terms actually cancel
out and the estimates ¢y [k] and pry[k], derived here based on A®[k], can be used directly
for equalization.

3.3.3 Symbol-Spaced Model Containing Only SFOs

It was already discussed that SFOs can only be compensated to a certain extent, when the
received signal is not oversampled. The same also holds true for the estimation of the sampling
phase processes because the aliasing, which creates ISI when the sampling is not aligned,
is rarely known. Nevertheless, some simple methods can be derived, which yield satisfying
results in certain circumstances. As for the CFOs, it will be assumed that the channel is
approximately time invariant w.r.t. the length of the training sequence, i.e., constant sampling
phase processes with ¢« [k] = ¢ [k + I1y] and ¢ppx[k] = Ppy[k + Ir] for Ity ={1,..., Ly, — 1}.

In this case, the channel taps are then time varying due to the differences in the sampling
phase processes. The same signal model as in the CFO case above applies, and the same
estimators can be used, for example,

he 1o,mlk] = X3 oy - Vi mlKl. (3.64)

Looking at the variations of channel estimates over time, as was done in the CFO case, pro-
vides only little insight here, as the variations depend strongly on the aforementioned filters.
However, since the variation is cyclical, an estimate can be generated by finding indices where
channel estimates are approximately equal. This needs to be done for each Tx/Rx antenna
pair, respectively. Assume that we have found an index Lg ,,, for an antenna pair where
ﬁc_ Le,mnlk] = flc, Le,mnlk + LE mn]. Itis then known that the difference sampling phase process
between that pair, i.e., A (k] = Gremlk] — drx n[k], generates a full symbol shift within
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Lg, mn samples. If the sampling phase processes are dominated by linearly-drifting processes,
e.8., Pry,m k] = g, m - k, the slope can be estimated'? by

1

LE,mn

Alg,mn = ) (3.65)
with A, mn = Bg,,,m — Kg,,n- When the phase processes have more complicated behavior,
it becomes difficult to achieve meaningful estimation results with this method. Two other
problems with this approach, which are left open, are finding a good similarity measure for
comparing ﬁc, Le,mn k] with lAlC, Le,mnlk+ Lg mn), since the estimates are influenced by noise,
and the problem that we need to continuously monitor the estimates in order to find Lg, ;5.
It should also be noted that the sampling phase processes are typically changing very slowly,
such that estimates in the close vicinity of each other are very similar.

3.3.4 Estimation in the Oversampled Case

Continue with the description for the estimators based on the Q-oversampled received signal
Vi, [k]. Generally, all the estimators that have been derived for the symbol-spaced case can also
be used when the received signal is oversampled. The time-varying channel taps associated
with the mth receive antenna can thus be estimated with

flc,Lc,m (k] = X%,le “Vigmlkl (3.66)

where the received signal and the estimated channel impulse responses are oversampled.
Compared to the symbol-spaced case, the upsampled training matrix is given by

X[l —11 -+ %p Ly —Lcl

Xir,m=1 = E. : , (3.67)
xpllcl - xgll]
xpllc—=11 - xi[0]

where the upsampled training signal follows as
X7, = xp 101 Onno-1 X1l Oninio-1 -+ Xpllnl Orenio-n |- (3.68)

The full matrix Xr; follows from a Kronecker product of the different rows of XTr, M=1, in the
same manner as in section 3.3.1.

Except for the increased sizes of the vectors and matrices, the same estimators as in the symbol-
spaced case can thus be applied for obtaining channel parameter values in the synchronized,

12When a matrix of the estimates for all antenna pairs is build, the same structure as in the previous section
emerges, i.e., there are M - N estimates but only M + N processes that need to be compensated. A separation of
the processes, i.e., decomposing a rank-one matrix similar to the previous section, can again help for efficient
equalization.
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CFO only, and SFO only case. In the following, the SFO only case, and the case where both
timing impairments are occurring simultaneously will be investigated, as symbol-spaced SFO
estimation can only yield suboptimal performance.

3.3.5 Oversampled Model Containing Only SFOs

Consider an oversampled received signal, impaired by multiple SFOs. Using the assumption
that the sampling phase processes are approximately constant during the length Ly; of the
training sequences, i.e., < [k] = prx [k + It;] and pry[k] = py[k + Iy] for ity = {1,..., L1y — 13,
the same estimators as in the symbol-spaced case can be used, e.g.,

ﬂCch,m (k] = X5 proy - Vi K- (3.69)

These channel estimates, associated with every mith receive antenna, vary again due to the dif-
ference in the sampling phase processes. Compared to the symbol-spaced case, the sampling
criterion is now approximately fulfilled, which means that we have access to the full pulse
shape of the received signal.

An approximate model'3 for the discrete channel taps of the mnth antenna pair in this case
is given by fic mlk, Ic] = sinc [x =Le200mll | joc (i), where A nlk] = GrmlK] -

¢rxnlkl, and he ;o (k] = [hc,m[k,O] he (k1] --- hc,m[k,Lc—ll] with h¢ [k, Ic] =
. . . . . . 1T
he,milk, Icl  hemalk, Icl -+ hemnlk, lc]] . From the estimate for the channel taps of
2 . . . . T
a Tx/Rx antennapairhC’LC,mn[k] = [hc,mn[k,O] hc,mnlk,11  --+ hcmnlk, Lc - 1]] , We can

then estimate the corresponding difference in the sampling phase processes Ay, [k] =
¢rx.mk] — ¢rx.n[k]. Given the assumptions about the training signals'* and white Gaussian
noise, an ML solution for estimating the sampling phase differences is given by

A(Z)mn[k]:argmax [YIEIR,m[k]XTrvM:L” [Apmn] - X, et [Ad)mn]-s@mm[k]], (3.70)
Admn

[n ZTr_LC /é"'AQbmn ] *

where Xty p7=1,n[Apmy] are trial matrices with entries x1y, , [A@n, it] = sinc
XTr,n [it], which are used for finding the maximum of this equation for each mnth antenna pair.
Since there is no prior knowledge about the values of A¢,,,, the whole space of possible values
has to be tested, with a finer grid of A¢,,,, values leading to more accurate estimates. Even
though the trial matrices XTr, M=1,n [A(/)mn] can be precomputed, and the maximization can
be carried out in parallel for the M - N estimates given a desired grid spacing, this procedure
seems too complex for MIMO systems.

13 As the oversampling factor increases, the model becomes more accurate since the influence of the sinc function
is reduced, and more samples of the actual pulse shape are obtained.

14Eor both CFOs and SFOs, the training signals are generally not completely uncorrelated due to the shift in
frequency and sampling. This effect will be assumed negligible.
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Simpler estimators can be obtained through some approximations. First, assume that the sinc
function model for the SFOs impact on the channel taps is valid. Then, consider the DFT of
these taps'®, given by

. : lc—Lcl2+ Apnlk . .
g{hc,mn[k,zc]}zg{sinc == 5 PrmnlK] *hc,mn[lc]} (3.71)
lc—Lcl2 ) . . .
:g{sinc n% *6[IC+A¢mn[k]]*hc,mn[lc]} (3.72)
jc—Lc/2 fonle A . .
~ =?{sinc EICTC/ }'e] 2ﬂLCc Abmnlk] '9{hc,mn[lc]}» (3.73)

where the approximation in the last line uses the circular shift property of the DFT. This
approximation is exact, if the shift of the discrete channel taps due to the SFOs is circular, which
is generally not the case. However, assuming that there are only a few taps with significant
amplitude values, and that they are also somewhat localized to a certain sample region of the
impulse response!®, the shift is approximately circular.

Assuming the validity of (3.73), itis seen that the only thing that changes in the DFT of the chan-
nel taps with k is a phase factor that depends on A¢,,,,[k]. Thus, one approach to estimating
the sampling phase difference is to compare the phase change in the DFT of two time sepa-
rated channel estimates, i.e., arg (9«" {iz(;mn lk+Lg, ic] }) compared to arg (5‘" {izc mnlk, Ic] })
where Lg is the number of samples between the two estimates, similar to the CFO approach in
section 3.3.2. This approach will not be explicitly treated further. Instead, we continue with an
approach that can obtain an estimate of the sampling phase difference from a single channel
estimate. Looking at (3.73), it is seen that the left and right hand term prevent the direct
estimation of A¢,,,, [k]. The first term is known and just depends on the oversampling factor
Q, and the length of the channel impulse response L¢. The last term depends on the channel
characteristics, and is generally not known beforehand. Using some reasonable assumptions,

its impact can be made negligible for certain channel types. First, consider the channel to be
. ; . ; . . T
flat, i.e., hc,mnllcl = e /9™ 8[lc] or hg mp = [e‘f‘/’m" 0, (i.-1)| »wWhere @, is a phase shift

due to propagation. The DFT of such an impulse response is the just mentioned phase shift
due to propagation multiplied by additional phase shifts depending on the delay of the pulse,
due to the circular shift property of the DFT. Since the phase shift part due to the DFT is known
from the position of the pulse, the only remaining unknown quantity is ¢,,. This unknown
can be removed by taking the absolute value of the channel, i.e., |ic,mnlicl| = 8[ic], before
applying the DFT. Thus, for flat channels taklng the absolute value of the channel estimate
before applying the DFT, i.e., & {
Going back to more complex channel 1mpulse responses containing multiple taps, there is no

leads directly to a sampling phase estimate.

general solution to removing their influence on the phase characteristic of the corresponding
DFT. This is because phase shifts appear in the DFT, depending on the position of the different
taps and their significance is weighted by the amplitude of the corresponding tap.

15Standard finite-length DFT problems, such as spectral leakage, will be ignored here.
16How to strengthen this assumption will be discussed in the following, and was also used in, e.g., [62, 71].
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Figure 3.1: Noise free example of an oversampled impulse response estimate that can be used
for sampling phase estimation. Parameters are Lc =40, Q=2,and hC,mn[iC] =0 [ic]: Left plot
shows the standard estimate for two different sampling phase offsets; Right plot shows the
magnitude squared of those estimates.

In the following, a solution for a type of channel impulse responses, which is often encoun-
tered in practice, will be described. Specifically, assume that there is a dominant tap in the
channel impulse response and that there are several taps of significantly lower magnitude,
e.g., 10 dB below the main tap [53]. The impact of the lower amplitude channel coefficients
can be reduced by applying a monotonic function, which under weights lower values com-
pared to higher values, to the channel estimate before computing the DFT, see also [62, 71].
Commonly used are power functions, and in particular squaring of the channel estimate, i.e.,
7|
the magnitude of the DFT output, but does not change the desired phase or time shift of the
relevant signal components. This can also be visualized in the time domain, see the example
in Figure 3.1. It is seen that the shape of the pulse is altered significantly, but the sample phase
offset w.r.t. sample phase zero is the same. Even though this is a flat channel example, it can
be seen here that lower amplitude coefficients are significantly attenuated by the squaring
operation, thereby reducing their impact on the phase characteristic of the corresponding DFT.
Another benefit of applying the monotonic function also becomes apparent. For channels
where the taps far from the main tap carry significantly lower power, applying the monotonic
function enhances the circular shift approximation because those taps become close to zero.

N .2
hc,mnlk, lc]| } It should be noted that the monotonic function changes the shape of

Finally, further complexity reduction, which can be achieved by using a smaller subset of the
Lc available DFT values, will be considered. Looking at (3.73), it is seen that the sampling
phase offset can be extracted from any of the Lc DFT values, given that the value has significant
power. It is known that the Lc-length DFT of a Q-fold oversampled signal has Lc/Q significant

63
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values'?, which are split between the beginning and end of the DFT output sequence if the
signal is in baseband. Since the signal is not exactly cyclically shifted, its DFT experiences
an additional fixed phase shift after the middle of the sequence. Thus, the lowest | Lo/ (2Q) |
DFT values are suggested to be used for the estimation, where the flooring operation is used
in order to have integer DFT values. The lowest-complexity estimator, given that the phase
impact of multi-path components is sufficiently attenuated by the squaring operation, is

obtained by calculating a single dth DFT value, where d = {2, ey V_CCJJ }, with

2})) (3.74)

PN 1 L 2 .2
A(pmn[k] = E : S (arg (9d{ hC,mn[k; lC]| })

d-1
lc—Lcl2
_arg(gd{ le—Lc/2

sinc |

1 L Le-1 N .12 —i2 IL d—
=— - '(arg Z hC,mn[k;lC]| e 1T @
27[ - 1 iCZO

L (3.75)

Ic—Lc/2

7'[—
Q

sinc )
It should be visible that the lower limit of d is chosen as two, since the first DFT value (d = 1)
cannot give a useful estimate for the sampling phase difference. The second argument term
in (3.75) is a fixed constant for a given Lc, d, Q, and, thus, does not increase complexity

substantially. It may also be simplified for certain parameter combinations and alignments
(62, 71].

Lc-1 2 g
3 —jom-E(d-1
—afg( ' Lo Iy

iCZO

Since the previous discussion was quite lengthy, the main points will now be briefly sum-
marized here, also using vector-matrix notation. Given the estimate for the channel taps
associated with the mth receive antenna lclcy i.,mlk], obtained with (3.69), check if there are
significant multi-path components'®, If that is the case, obtain a second channel estimate
lic, fe,mlk+ Lgl, take the Lc-length DFT of each mnth sub-component, and compare the
phases of the lower DFT values'?. If no significant multi-path values are observed, generate

17The application of the monotonic function changes the amount of significant values. Power functions, for
example, increase the amount of significant values towards the middle of the DFT sequence. However, their
amplitude still drops towards the middle of the sequence, meaning that using the mentioned L¢/Q values still
captures the most significant values. Furthermore, while the sampling criterion is always fulfilled with Q = 2 for
the normal channel estimate, it can be violated after applying the monotonic function. Thus, selecting the lower
DFT values also limits the influence of aliasing on the estimation.

18Equivalently, we can also check the flatness of the channel in the frequency domain.

19Compared to the solution in (3.76), one replaces the second argument part with the first one, and inserts
the second estimate ﬁc, icm [k + Lg] into the first argument part. Furthermore, some normalization w.r.t. the
separation Lg has to be done, as this approach yields the sample shift over Ly samples.
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the mn ordered matrix ﬁc,LC,m[k] = [ﬂc,zc,ml (k] --- ﬂC,Zc,mN[k]]’ and use

2 LC 2 ’.\*
A¢Tm[k]:g.d}).(arg [oDxl I ODX(LC_D_D]DLC(HC,LC’m[k]eHC’LC,m[k])
. -~ , (3.76)

DLC,D

(D10 10057 ]) 1)

where Dic is the DFT matrix of size Lc, D is the number of DFT values that are used for

the estimation, e.g., D = [%J — 1 according to the previous suggestion, and D ic,p is @ ma-
trix with D selected rows from the standard DFT matrix. Furthermore, the vector §; . =

; ; i T
[sinc [n I_LQC/ 2! sinc [n2_LQC/ 2 ] sinc [JTLC_TLL/Z] ] contains the reference pulse, which
is fixed for a given Lc and Q, and which is used for comparison of the DFT phases. Additionally,
T
dp = % [% % “ee %] is a vector that performs averaging of the D used DFT phase values,

and removes the phase rotation that is inherent to each DFT value. In general, the solution
in (3.76) averages D consecutive DFT values, starting from d = 2, for each of the N different
sampling phase difference estimates. In order to use a different set of DFT values, the vector
dp and the matrix before D; . need to be adjusted accordingly. Note that for D=1and N =1
(3.76) is equivalent to (3.75) with d = 2.

When the sampling phase difference estimation has been carried out for all receive antennas,
as described in the previous sections, M - N estimates have been generated, similar to the CFO
case. However, only M + N sampling phase processes exist between transmitter and receiver.
As in the CFO case, a complete phase difference matrix A(i)[k] can be defined with

~

APkl

. APlIK]
AD[K] = <p.2 . 3.77)

APY (K]

This matrix includes the estimate of the sampling phase differences between all Tx and Rx at
time k. When more knowledge about the characteristics of the sampling phase processes is
available, e.g., the linear term u,, dominates, several of these estimates can be combined to
further improve estimation performance. In the following, it will be briefly presented how the
sampling phase difference matrix A®[k] can be separated into the transmitter and receiver
contributions ¢y (k] and ¢r«[k], as was also done for the carrier phase differences.

Exploiting the Structure of the Combined Phase Processes

Given an estimate of the combined sampling phase difference matrix, which can be defined
as A®[k] = gyl k] (—¢p1,[k]), the estimates pry[k] and Ppy[k] should be obtained. Thus, as
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in the CFO case discussed at the end of section 3.3.2, a rank-one matrix decomposition, for
which a general solution is given in [83], needs to be found. A simpler solution to the problem,
analogous to the CFO approach, assumes one Tx or Rx as a reference, and is given for the mth
receiver as reference by

drxlk] = —AD  [Kle,, (3.78)

2 _ 1 2 2 ool
Prslk] = - ADIK (-5 k1), 3.79)

where (-)®~! is the Hadamard (or entry-wise) inverse. For the nth Tx to be used as a reference,
it can be defined as

drxlk] = Ad[Kle,, (3.80)

B ) o
Pr«lk] = —MAQT[kMﬁ;l[k]. (3.81)

3.3.6 Oversampled Model Containing CFOs and SFOs

Consider the most general case of an oversampled received signal y;_[k] of a MIMO system
experiencing both timing impairments, which are independent for each Tx and Rx, and a
frequency-selective channel. Furthermore, as in the previous sections, assume that the carrier
phase and sampling phase processes are approximately constant during the length of the
training sequences, i.e., prx[k] = ¢ry[k+ 1] and Pry[k] = Grylk+ 1], and @y k] = prylk+ir]
and @rylk] = @rylk + iry], for I, = {1,..., L1y — 1}. Additionally, assume the frequency-selective
behavior of the wireless channel to be time invariant over at least Lg samples. The channels
associated with the mth receive antenna, assuming L significant taps, can be estimated with

he i k) = X3 ey Vi mlKD, (3.82)

given ideal training sequences, see section 3.2.1. The channel estimates vary due to noise, as
well as the timing impairments. Under the used assumptions, a model for the variation of the
mnth channel over time can be given by

N lc—Lcl2+ A¢pmnlk]
Q

where A@n k] = ¢y nlk] — Prem k] and A, k] = Grem k] — Py nlk] are the carrier and
sampling phase difference processes of the mnth pair, respectively. Note that the shift of Lc/2

he,mnlk, icl = e/ 2¢mnk] . sine * he,mallcl, (3.83)

is used to make the finite-length pulse symmetric, and that functions other than sinc (-) may
be more beneficial, depending on the boundary conditions. From (3.83), it is seen that the
carrier phase processes act as a phase shift on the channel coefficients. The sampling phase
differences also generate phase shifts in general multi-path channels. These two observations
lead to the following procedure for estimating the timing impairments in MIMO systems.
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Given the channel estimates l.lcy ie.mlkland l.lcy fem [k+ Lg] for each receive antenna, we should
first estimate the sampling phase differences according to (3.76), when there is no significant
multi-path, or using

8 Lc 1 - ¢ z] ©H [
T .4, Lc T , . .
Al (k] = o L_E dp- (arg (DLC,D (Hc,Lc,m[k+ Lg] OHC,LC,m[k-'- LE])) (3.84)

—arg (DLC,D (ﬁC,LC,m [kl ﬁé,Lc,m [k])) )’

when there is??. The approach in (3.84) assumes that the sampling phase difference process
behaves linear between the two channel estimates separated by Ig samples, i.e., AD[k+Lg] =
A®[k] + Lg - AM,;,, where AM,, has entries of Ay, mn = Ho,,m — H¢,,n- Sampling phase
estimation should be done first, since taking the magnitude squared of the channel estimate,
as proposed in the previous section, removes the influence of complex exponential phase
shifts on the estimation process. Therefore, given that the carrier phase process is constant
during the length of the training sequence, i.e., the model in (3.83) is valid, estimation of the
sampling phase differences with (3.76) or (3.84) is not influenced by the CFOs.

With an estimate for the sampling phase differences, the initial channel estimates from (3.82)
can be interpolated based on (3.83) in order to reduce the impact of the sampling phase differ-
ences on further processing. Based on those improved channel estimates®!, we can use (3.45)
to estimate the carrier phase variations. Further improvement of estimation performance can
be achieved by iterating between estimation of the parameters, and compensating them on
Vi, [k] before using (3.82). Finally, once estimates for the M - N difference processes in the
matrices A®[k] and Aci:o[k] have been obtained, those matrices can be decomposed into their
M + N processes at the Tx and Rx side, as mentioned at the end of sections 3.3.2 and 3.3.5.

3.4 Adaptive Filtering Approach

In this section, a different approach to estimating and tracking the MIMO channel with timing
impairments, based on adaptive filter theory, will be taken. It was seen in this chapter that the
fundamental input/output problem is given by

Vi, [kl = He [klxqy, 1, [k] +1; [K], (3.85)

which means that in order to detect the data symbols, the time-varying channel matrix Hg [k],
which changes for every block of input symbols, needs to be tracked and estimated. It is helpful
to notice that two neighboring instances of the channel matrix, e.g., Hz[k] and Hg [k + 1], are
not arbitrarily different, but in fact very similar and, for example in the backhaul case, only

20Note that this approach just yields the change in the sampling phase between the two time instants. In order
to get to zero sampling phase, it also needs to be compared to the phase of the DFT of the reference pulse, e.g., the
sinc used in (3.76).

2lwhenever the complex exponential phase contribution due to the CFOs is dominant, which is often the case
in practice, we can also use the initial channel estimates of (3.82) directly.
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Figure 3.2: Basic working principle of adaptive algorithms for channel estimation, i.e., adapting
the estimate Hg[k] based on the observed error signal é i, [k], which contains the difference
between the training signal x,I[{r Lo [k] transmitted through the real channel, and the training
signal transmitted through the channel estimate. This setup is also known as the system
identification configuration.

changing slowly due to the timing impairments. This means that once a good estimate of the
channel at time k is available, only small adaptions are required to get a good estimate at time
k+1.

The basic working principle of adaptive algorithms can be seen in Figure 3.2. A known training
signal xy 1, [k]?2 is sent both through the actual system and through an artificial system that
uses the current estimate of the channel. The difference between the two outputs is the error
signal é i [k], which is used to update the estimate for the next time step, i.e., I:IC [k+1]. If the
actual system and the estimate are equal, the residual error signal is just the noise i;_[k]. The
problem addressed here is also known as system identification. Important considerations for
these algorithms are:

* The initial setting of the artificial system, i.e., ICI(: [0]

* How to adapt the system based on the error signal €;_[k], e.g., which characteristics of
the error signal, such as correlations, are used and are models for the system changes
available

* The rate of adaptation, i.e., how fast can the algorithm follow changes in the system and
what is the residual error

* How robust is the algorithm w.r.t. unexpected changes in the system, e.g., a sudden

large change in the system

There are different trade-offs between these properties, see the standard works [76, 84], which
will also be outlined later on for the LoS MIMO systems with timing impairments.

22Note that Lt specifies the number of taps that are used per antenna to model the transmission channel in the
adaptive filter. The required Lt, which is necessary in order to properly model the channel, is generally not known,
but can be estimated for most channels.
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The MAP/ML estimators were derived earlier in this chapter based on the optimal perfor-
mance indicator for communications systems, i.e., the probability of symbol or estimation
error. Adaptive algorithms are often derived based on different cost functions (performance
indicators), meaning they are not necessarily optimal for all scenarios. The most popular cost
function used for deriving adaptive algorithms is the mean squared error (MSE)23 [76, 84], i.e.,
trying to minimize E[II:IC (k] —Hg[k] 2], which is a quadratic function that has a unique mini-
mum that varies in the case of timing impairments. In the following, the most basic adaptive
algorithm will be outlined, and it will be shown how it can be adopted for time-varying MIMO
systems. Before doing this, the second-order statistics of the MIMO system will be described,
as they are fundamental in the derivation of adaptive algorithms and help in selecting the
parameters for the algorithms.

3.4.1 Second-Order Statistics of the Signals in a MIMO System

It was already seen in section 3.2, that the noise has in general the following correlation matrix

Calk] =E|fi;, [k]f} [K] (3.86)
= He gy k1 -N-Hg  [K], (3.87)

in other words it varies with time due to the SFOs influencing the sampling of the receive
filters. The autocorrelation matrix of the received signal is given as

Cy,, [k = E ¥, Uy} k1] (3.88)
= B [[He ki, K] + iy, [K]] [He Ukl 1K)+, 1K) (3.89)
= Hg[KIE [xTr,LT It [k]] HY[k] + E [ﬁLR (K1t [k]] (3.90)
=H¢ [kl - Cx,,,, [k]-HE [kl + Calkl, (3.91)

where it was assumed that the training or data signals are uncorrelated to the unfiltered noise
processes, i.e., E[x1y 1, [k]flLH~ [k]] = 0. It is seen that this correlation matrix also generally
C,Rx

varies with time??, due to Cf;[k] as well as the impact of the CFO and SFO on the channel

23Note that for stationary white noise processes with equal power, i.e., Cg [k] is diagonal with equal entries and
constant over time, MSE and ML approach yield the same result, such that minimizing the MSE is also optimal in
the ML sense.

24without SFOs, but with CFOs, with ideal transmit filters, and with equal transmit and noise powers, the
correlation matrix can become time invariant, i.e., CYLR [k] does not depend on k, when, additionally, the MIMO

wireless channel is optimal.
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matrix Hg [k]. The crosscorrelation matrix between output and input signal is given as

Gy s, 1K1 = E [, [KIEL 1K1 (3.92)
-E [[Hc[k]xTr,LT[k] +ﬁLR[k]]x¥r,LT[k]] (3.93)
=Hg[kICxy,,, [k = Cy | g, K], (3.94)

using the same property of uncorrelatedness between data/training and noise. The autocorre-
lation matrix of the training or data signals is given by

Cxy,y, [K] = E | xp 1, (KK K] (3.95)

=X=Cryy, s (3.96)

which is, with the assumption of uncorrelated training signals across time and space, see
section 3.2.1, and, similarly, the assumption of uncorrelated data signals across time and
space, seen to be time invariant. In particular, X = I, ® diag(0%, ,0%, ,,...,0%, |) contains
the average transmit power of the different transmitters, i.e., Uim = E[|x1r, 5[] 2], which are
assumed to be constant over time, and are often also assumed to be equal between different
transmitters. When the data streams from the different transmit antennas are correlated as,
for example, with precoding, one has to use the corresponding correlation matrix of these
precoded signals. The analysis that will be carried out in the next few sections can be more
complicated in such a case, since the eigenvalue structure of the correlation matrix may be
more complicated. This will also be briefly discussed in the adaptive equalization case of

chapter 4.

Finally, the correlation matrices of the transmitted and received signals, when the transmit

2 2

power 0%, is equal for every transmitter 2, and when the noise power o3, is equal for every

receiver m, is given by

Cxyyy, [k = Cxyy = 0%, INLy (3.97)
Calk] =075, -Hep,[kIHE o [K] (3.98)
Cy, xiesy (K1 = 0%, -He K] (3.99)
Cy, [kl = 0%, -HelkIHE (Kl + 07, -He gy [KIHE | [K]. (3.100)
3.4.2 LMS

The LMS algorithm is one of the simplest, yet through that simplicity most powerful, adaptive
algorithms, based on stochastic gradient descent. Its most basic form of adaptation can be
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written as

Helk+1] = Helk] - p- (Helklxy, 1, [k - y; [K])xi (K] (3.101)
=Hg [kl - u-¢;, [kIxy, ; [k], (3.102)

where p is a step size that controls convergence and tracking speed, as well as steady-state
noise performance. The algorithm works by adapting the channel estimate based on the
momentary correlation between training signal xy, 1. [k] and residual error signal & i [k]. As
described in the previous sections, if the estimate and the actual channel are equal, the error
signal just consists of noise n;_[k], which is on average uncorrelated with the training signal
XTr,1; [ k], leading to the second term of (3.102) being zero on average and, thus, no adaptation
of the estimate. If they are not equal, a correlation between the error signal and the training
signal exists on average, which can be used as a gradient estimate towards which to move
the estimate during the next step. The simplicity of the LMS algorithm comes from the fact
that it replaces the true (averaged) correlation, between the error and training signals, with its
momentary or instantaneous estimate, which makes computation of the gradient estimate
very simple, but induces steady-state noise?®. Furthermore, through this approximation of the
gradient, it does not require knowledge about the exact statistics of the received signal [76, 84],
which has the added benefit that it can automatically track variations in the statistics, e.g.,
occurring due to timing impairments as was seen in the previous section, while receiving the
signal.

Some information about the statistics and time variation is still required in order to select
properly. In the case of a time-varying MIMO system the algorithm has to solve two tasks:

1. Convergence, i.e., based on no prior information about the channel, generate a good
channel estimate ﬁ(’: [k].

2. Tracking, i.e., based on a converged estimate Hg[k], which is close to the true channel
H¢ k], follow the relatively small system variations that occur over time, in other words,
track the differences between Hg [k], Hg [k + 1], Hg [k + 2], ...

In the following, those two properties will be investigated more closely for the standard LMS
algorithm. Other variants of the algorithm have been developed in the literature to improve
convergence performance [28, 85, 86], reduce complexity, and make it more robust to input
signal variations [76, 84].

25Even if the estimated and true channel are equal, the instantaneous estimate of the correlation between current
noise realization and training signal, i.e., i in [k]x,lr{r Lt [k], is not zero except for very high SNR cases. Only the

average, i.e., E[i in [k]xlflr Lt [k]], tends towards zero. This residual adaptation in the algorithm even for perfect

channel estimates, which occurs due to il in [k]x,IfIr Lt [k] not being zero for every realization, is the added steady-
state noise or excess error. It is also immediately seen that in order to reduce this noise, u should be chosen as
small as possible.
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3.4.3 Convergence Behavior of LMS

This property?® is important, whenever there is a large change between the most recent and
following observed realization of the channel. Two examples where this occurs are at the
beginning of a transmission, where no previous estimate of the channel is available, i.e.,
the current realization needs to be learned from scratch, and when an event happens that
changes the wireless transmission channel significantly between two observations, e.g., fast
movement of transmitter or receiver, where the previous observation does not contain any
useful information about the current realization. Thus, without any prior information, the
initial value of the channel estimate for the LMS algorithm Hg[0] is set to a zero matrix of
appropriate size in this case.

Convergence in the time-invariant case, i.e., without timing impairments, is well covered in
the literature and may be used if the channel is approximately time invariant over a certain
time frame, i.e., Hz[k] = Hx[k + [] for [; = {1,..., L1 — 1} see appendix A.2. In this case, the
standard solution for selecting u that ensures convergence in the mean [28, 76, 84] is

2
o<p< —— (3.103)
Ama (G, [K1)
= 0<pu< ——s—, (3.104)
maxy, UxTr,n

where Anax (+) is the largest eigenvalue of a matrix. The simplification in (3.104) can be made
assuming that the training and data signals are uncorrelated across time and space, leading to
a diagonal matrix, where all eigenvalues are equal to its diagonal values®’. Furthermore, the
misadjustment ./ [76, 84, 87], i.e., the ratio between the excess MSE due to steady-state noise

261t is also known as transient behavior.

27In practice, we may not exactly know the transmit power that is actually transmitted from the antennas and
contained in the received signal. Note, however, that it can be estimated based on the received signal and the
training signal, see the statistics section above.
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and the MMSE of a filter derived from the normal equations, can be given as

S
- (3.105)
E [|f1L'R (k] |2]

ZNLT Ai(CfovLT[k]] N UiTr,n
i=1 1_“/'Li(CXTr‘LT[k]) L=t 1-pos,
—H Ai( gy, 141) =Kl = (3.106)
oy N _Z ey ) 2—pLpyN
2 g T T /J T =17 >
HLisi 1-ui(Cxy 141 T
2
*Tr,n
1_‘ua?CTrn
~uNLt = (3.107)
2~ puNLy—5*
*Tr,n
2
= uNL e (3.108)

Y2—pod (NLr+2)

where the approximation holds, if the transmit power is equal for all Tx. It is a dimensionless
quantity relative to one. In other words, the smaller the misadjustment is relative to unity,
the closer the LMS algorithm performs to optimality in the MSE sense [84]. It can, thus, be
substituted by 1 — ¢, and a further condition for u from (3.108) can be derived. It is given by

M=1-¢ (3.109)

uNLro%,  =(-e)(2-po% (NLr+2) (3.110)
1-¢

= (3.111)

0%, (NLT+1-§NLy—¢)’

A common goal is to have a misadjustment smaller than one [28], i.e., 0 < € < 1, which yields
the following solution for i from above

M= (3.112)

1
H1=

<— (3.113)
aim “(NLt+1)

Another practical solution is to have a misadjustment of less than ten percent, i.e., 0.9 <€ < 1.

This gives
M <0.1 (3.114)
1
ps< ) (3.115)
iTr,n ' (%NLT + 1)

It is seen that achieving MSEs close to the MMSE, i.e., achieving negligible steady-state noise,
generally requires a smaller p than is needed just for convergence in the mean. Furthermore,
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the higher the dimensions of the system??, i.e., the number of transmit antennas N and multi-
path components L, the lower y needs to be in order to reach the same error performance.
It should also be noted that .# is trending towards zero as u — 0, as long as the system is
time invariant. Generally, 4 > 1 does not seem desirable. However, it will be seen later that
such solutions can also be appropriate, when little information about the system is available.

Finally, since the channel is not actually time invariant, but changes even during the con-
vergence phase due to CFO and SFO, it is of interest to determine the time it takes for the
algorithm to move to the steady-state performance for a given . This time constant can be
given approximately as

-1
Ti= (3.116)

ln(l — pA; (CxTr,LT[k]))
-1

(3.117)

Tn=

In (1 - ,uaiw) ’

which is to be understood in number of samples. Further, (3.113) can be used with equality
and
-1
T= 1 (3.118)
In (1 - NLT+1)

~NLr, (3.119)

can be derived, where the approximation holds if NLt >> 1. It is important to note that there is
a trade-off between the misadjustment .# and the convergence time 7. The lower the desired
, the higher the convergence time. Likewise, the larger the system dimensions, the longer
the time the algorithm needs to converge to the same error performance. Nevertheless, due to
the assumptions about the correlations of the training and data signals, convergence is in this
case as fast as possible with the standard LMS algorithm for a selected p.

3.4.4 Tracking Behavior of LMS

Tracking is important, when the statistics of the signals vary with time, as is the case for
MIMO systems with timing impairments. In particular, from section 3.4.1 it is seen that the
autocorrelation matrix of the received signal CS’LR , as well as the crosscorrelation matrix of the

data and received signal CS’LR . vary with time. The following analysis is based on the fact

XTr, L
that an estimate of the channel Hg (] is available, which is close to the true channel Hg [k].
This can, for example, be achieved through the MAP/ML techniques derived in section 3.3, or
through sufficiently quick convergence of the algorithm as described in the previous section.

If a sufficiently accurate estimate of the channel is available at time k, the algorithm just needs

28Note, however, the absence of M in the equations, meaning that the updating and convergence for each
received stream is decoupled and carried out in parallel, as was the case in the MAP/ML approach.
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to be able to follow the variations over the next time steps. This can only be achieved if the
channel changes are slower than the learning rate of the adaptive filter.

Tracking of CFOs

It is instructive to look at the two different timing impairments separately at first. Consider the
model containing only CFOs, refer to section 2.5.2. The difference between two consecutive
channel realizations is given as

Hel[k+ 1] -Hg [kl = A®z [k +1] 0 Hz — A®g[k] © He (3.120)
= (A®g[k+1] - A®¢[k]) ©Hg (3.121)

_ (ej.(arg(A(DC[k+1])—arg(A(D(3[k])) _ 1) 1) HC[k] (3.122)

— Helk+1] = o/ (@8(A®clk+1))-arg(A®c(K)) o . [£], (3.123)

where it is seen that the changes in the channel matrices are phase shifts according to the
difference in the combined phase processes from Tx and Rx from time k, where the channel
is known, to time k + 1. In order to derive some meaningful results, an assumption about
the progression of the phase processes has to be made at this point. In particular, the phase
processes are assumed to be sufficiently described by a linearly-increasing function®, i.e.,
QLk]l = pg,, -k =21A f Thom - k with an =0and 02% =0, refer to section 2.4. Then, similar to
[88] by assuming independent and identically distributed (i.i.d.) noise3?, the misadjustment?’1
in the steady-state operation under a time-varying channel is given as

NLy Ai (CxTr,LT [k])

e PN ST 1 1 i G124

- l & .

2 -y Nh Ai(Cay . K1) MZ—MZN“ L)
2
O 1 1
< UNLp o1 S (3.125)
2- “GxTr_n (2 + NLT) o 2 IJ‘NLT - U""I‘rz,n Uﬁm
—uo%,,

where the first term is equal to the time-invariant case from above, and the second term
expresses the influence due to the time variation of the system. It is seen that w.r.t. misad-
justment, or MSE in general, there exists a trade-off between the two terms. The first term

291t will be seen shortly that the maximum phase shift from sample to sample between any transmit and receive
antenna is the crucial parameter for this derivation. This value is in general also influenced by Uéw and Uan,
and the variation due to the Wiener process may be incorporated into that maximum phase shift, whenever it is
significant.

30Jt is also assumed that the noise correlation matrix is time invariant. In actuality, however, it is cyclically varying
due to the receiver sampling processes, see section 3.4.1.

311t has been noted [87] that for relatively fast time-varying systems, time averaged MSE or .# may be inadequate
measures for performance. Since we mostly deal with relatively slow time variations, time averaged MSE or .# can
be used as performance measures here.
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represents the error due to the momentary gradient estimate, which decreases with smaller
1, while the second term expresses the error due to a lagging response of the algorithm to
changes in the system, which decreases with smaller 1/u. For the approximation in (3.125),
the second term is expressed in the CFO case as

1- ej'A(rbmax 2
B=pos, | ~ |2 _ (2 - ng) (3.126)
1-er max_l'tngrn
A 2
~ “Pnax (2-no?,,), (3.127)
uo.xTr,n '

where |A¢, .| = max|arg(A®:[k+1]) — arg (A®:[k])| = maxpmp [27A finn Trxm| = |26, | 1s
the maximum phase shift that occurs between any transmitter and receiver from sample to
sample due to the CFOs, and the approximation can be made for A¢,,,, < 1 and A, ., <K
,uaim. Using (3.125) and (3.127), two approaches can be taken in order to find good values
for u. The first proceeds, as in the previous section, by defining that the misadjustment should
be smaller than one, yielding the following equation

l1=.4 (3.128)

AP} 2
= 02(2NLT+2)-H3+( (p;la"—z—)-pz

(0 (02
T i (3.129)
2 3 2 2
- A(/)max 2 5 M + A(pmax 4 2
UxTr,nUﬁ,n UxTr,nUﬁ,n

where the full derivation can be found in appendix B. The second approach is to try to minimize

M Wrt. p,ie.,
/A
0= (3.130)
o
2NLt 2+ NLy 6(2+ NL)
= 0= | 5 +Appx——— | B~ A ———— 1
UxTr,n O_’}lm xTr‘"O-iLm (3131)
5, 6(3+NLt) 2 8
A x5 B AP s o
UxTr,nUﬁm OxTr,ngilm

with the full derivation being available in appendix B.1. Thus, in both cases a cubic polynomial
needs to be solved for a positive real root. The solutions of these polynomials can be obtained,
but are for general parameters fairly complicated.

Considering very small values for y, specifically p « m

solutions can be obtained. The two derivations simplify to

see appendix B, more functional

(3.132)
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Figure 3.3: Comparison of the different solutions for selecting the step size u of an LMS
algorithm for channel estimation for MIMO systems with multiple CFOs, i.e., setup 4 where
the maximum carrier frequency difference between any transmitter and receiver is |A¢,, .. |-
The parameter settings for this example are af‘m,n =1, a%m = 0.01, with a system dimension of
N- Ly =10.

and

3 2 4
0=NLr i = Ap oy ———
%1509

(3.133)

respectively. For the first approach using .# < 1, we still need to solve a cubic polynomial,
even when using this approximation. For the second approach, a simple equation to choose u
optimally can directly be given, which is
2 5
A
Pmax ) . (3.134)

4 2
Oxyn T, NLt

Hopt,CFO = (4 :

Given that the difference in the carrier phase processes is very small, it can, furthermore, be
seen from (3.129) and also (3.132) that a solution yielding .# <1 can be obtained by selecting
p according to, e.g., (3.113), from the previous section.

In Figure 3.3, the different solutions for selecting p in a MIMO system with multiple CFOs are
compared. It is seen that for the chosen parameters, equation (3.134) approximates the true
optimal value for u, which is found by solving the cubic polynomial in (3.131), very closely if
the CFOs are not too high, i.e., roughly if |A, ;.| < 1072 in this case. The two roots of (3.129)
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Figure 3.4: Optimal step size p for channel estimation for MIMO systems with multiple CFOs,
i.e., setup 4 where the maximum carrier frequency difference between any transmitter and
receiver is |Agbmax|, under different parameter settings. The normal lines represent the positive
real root of (3.131), while the dashed lines show the approximation given in (3.134).

give a range for u where ./ < 1. Furthermore, the larger root of (3.129) is almost equal to
the solution for the time-invariant case, i.e., equation (3.113) with equality, and the actual
optimum value for u also seems to converge to that value. This last observation holds for a

lot of practical parameter settings. Thus, when no information about the CFOs A¢,,,,, or the
2

i
observation was also made in [89]. An even better value for u in such a scenario, particularly

noise powers ¢, is available, we may select p according to (3.113) with equality. A similar

for large system sizes N - Lt, can be obtained with

1
o2 -NLt

XTr,n ’

2 (3.135)
Mo = 3 .
see appendix B.1, which is very similar, but always greater than the solution in (3.113). It
follows that this solution always has a misadjustment that is slightly larger than one, as will be
seen later on.

Figure 3.4 shows the optimal values for u according to the solutions from (3.131) and (3.134)
(dashed) for different parameter settings. It is seen that the approximation for selecting u in
(3.134) holds well for small CFOs, low SNRs, and medium system sizes. Again, in cases where
the approximation fails, we can get a value for ¢ in a simple manner according to (3.135). One
important observation is that as the SNR increases, for a fixed maximum CFO, the optimum
step size also increases. This is due to the fact that the higher the SNR is, the more impact the
tracking/lag error has, which is reduced when p is increased. The optimal value for y finds the
best balance between tracking error and noisiness of the gradient estimate.

From the optimal solution for p in (3.134) and under the used approximations, we can derive
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Figure 3.5: Comparison of the misadjustment of an LMS algorithm for channel estimation
in MIMO systems with multiple CFOs, i.e., setup 4 where the maximum carrier frequency
difference between any transmitter and receiver is |A¢,..|, for different selections of the step
size y. Parameter settings for the shown example are aim =1, U%lm = 0.01, with a system
dimension of N- Lt = 10.

the approximate misadjustment in this case, which is given by

1
2 3
xTr, n

27 o
Mopcro = | 5 - Dhmax — - NL7| (3.136)

i

see also appendix B.1. Likewise, for the simple selection of the step size given in (3.135), the
misadjustment can be approximated by

2
NLT 27 2 Ume 252
M2 —— A L2 N2, 3.137
NLt—4 16 Pmax o? T ( )

refer also appendix B. Figure 3.5 shows the misadjustment for different u selection rules, based
on the general .# of (3.125) and the exact value?®? for the f term, i.e., (3.126). As before, the
approximations for the misadjustment hold well for low CFO values. The selection solution
for u from the time-invariant case, i.e., equation (3.113) with equality, achieves .# = 1, while
selecting p according to (3.135) yields slightly higher misadjustment. Generally, it can be said
that the misadjustment increases with the SNR, CFO, and system size, even when selecting

32Alth0ugh it is not shown here, the difference between using (3.126) and (3.127) was checked for the parameter
range shown here. It is significant, when roughly |¢A,max| >1073 and N Lt > 100 occurs simultaneously.
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u optimally. Especially, the increase with the SNR seems somewhat counter intuitive, but
it should be remembered that ./ is a relative quantity w.r.t. a solution from the normal
equations. Thus, the MSE of the LMS algorithm may still decrease with the SNR, as will be
seen in some of the results later on. Example 5 gives some practical, numerical values for a
mmWave LoS MIMO system that can be can be obtained with the results from this section.

Example 5. Consider a mmWave LoS MIMO system with M = N = 2 antennas on each side,
Lt =5 multi-path components, yielding N - Lt = 10, and a sampling period of Tyom = 1ns. It
was seen in section 2.4, that a typical CFO value for a 60 GHz oscillator is | A .| = 1073 in this
case. Assume the transmit power to be in =1, and the noise power to be U%lm =0.01, yielding
a SNR of 20dB.

First, examine the case where we do not know the CFO level and noise power. Then, it is
suggested to select u according to (3.113) or (3.135). With the former one, = 9.1-1072, leading
to a convergence time from (3.117) of T = 10, which is to be understood in number of iterations,
being equivalent to a time of 10ns here. From (3.125), the misadjustment for this u is calculated
as M = 1. A step size selection according to (3.135) gives u = 1.33-10"1, 7 = 7, or 7ns, and
M = 3.35. It is thus seen that the former has significantly better error performance, at a slight
increase in convergence time. A step size with less than ten percent misadjustment is given, for
the time-invariant case, from (3.115) by u=1.8- 1072, yielding T = 55, or 55ns, and 4 = 0.441.
It is seen that this solution does not achieve 4 = 0.1, when CFOs are present.

Secondly, consider the case, where we have information about the CFO level and noise power.
We then select (1 using (3.134). This yieldsu=3.4- 1072, 7 =~ 29, or 29ns, and 4 ~ 0.317. This
choice for u has the best error performance and only requires a moderate time to converge.

Tracking of SFOs

Consider the model containing only SFOs, refer to section 2.5.3. The difference between two
consecutive channel realizations is then given by

Hglk + 1] —Hg [kl = (Hg + A®g [k + 1]) - (Hg + AD [k]) (3.138)
= Adg[k+1] - Adg[k] (3.139)
= Hglk+1] =Hglk] + (ADg[k+ 1] — Adg[k]). (3.140)

The actual entries of Aéc [k] cannot be directly determined in this case, as they are dependent
on the actual wireless channel, as well as the transmit and receive filters that are used in the
FEs, and vary according to the SFO processes. Two possible approaches can be used in order to
model Ati)c [k]. The first one is deterministic, similar to the CFO case, by using a constant that
describes the change between two consecutive channel observations. The approach stems
from the idea that the SFOs generate, in time-invariant channels, cyclical variations, which
can be expressed in this manner. However, the values that need to be added depend on the
already mentioned properties of the system, and are, hence, problem specific. For this reason,
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this approach will not be further pursued here.

The other, more general, approach that has also been studied under several aspects in the
literature [76, 84, 88], assumes the variations as a random process following a Markov model,
specifically, an autoregressive model of order one. It can be described by

Hglk+1] = a-He[k] + Adg, (3.141)

where 0 < a < 1 is a parameter that controls the rate of change, usually very close to one, and
At‘bc are stationary random variables with some distribution and correlation properties. In
order to derive values for the model parameters @ and A®, it needs to be determined how
the complete channel matrix changes, as the sampling phases vary due to the SFO. This can
be done by checking how the correlation properties of the different channel tap entries vary
with the sampling phase processes, and matching them to the correlation properties of the
autoregressive process. Given that the increments A(i)c of each matrix entry follow a white
noise series, one matrix entry of the model process has the following correlation function w.r.t.
the lag [ from the current observation

2

Tad
E |k IR, U= L) | = == -l

3 (3.142)
a

It is seen that the correlation vanishes exponentially with the distance to the current channel
entry depending on a, and that the first term is equal to the variance of the process. For the
actual SFO behavior, the correlation also decreases first but would eventually increase again,
giving rise to the cyclical nature of the process. Thus, when the autoregressive model is used
to derive results, the estimation should always be able to track this first decrease in correlation,
such that it always stays in a state where the approximation is valid. Since the variance of
the channel entries should be fixed and similar to the amplitude of each channel tap entry,
regardless of the level of SFO in the system, we use 02 . = (1-a?)-0% Qualitatively, the

Ad he,mnlle]”
higher the SFOs in the system are, the lower a should be.

This autoregressive model has been used in the literature to model to model the Doppler
spreading that is experienced in fading channels [4, 28, 88]. In this case, the correlation is
assumed to follow a Bessel function, such that a = J, (27r -fo- T nom_RX), where Ji(-) is the Bessel
function of the first kind and zeroth order, and fp is the maximum Doppler frequency. In the
SFO case, a similar argument w.r.t. spreading can be made. On the transmitter side, the signals
bandwidth is increased or compressed according to the sampling phase process, compared to

the nominal ideal process, by a factor of Since the exact shape of the sampling phase

_ 1
. L+¢rgnlk] " o )
processes is not known for every system configuration, it will, as in the CFO case, be assumed

that it is sufficient to investigate the fastest sampling phase drift, based on a linear model,

ie, |([)max,TX| = maxy |(/5Tx,n[k+ 1] —(bTX,n[k]| = |,u¢,w| assuming (/S[k] = Wg,, - k. As in the CFO

case this means Uz(p =0and O'Z(p =0, refer also to section 2.4. The spread w.r.t. the desired
|<j)max,Tx|

signal bandwidth is then given by - which yields a similar relation as in the Doppler
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spreading case, with

M’max,Tx' 1 )
— 271 - — — —  Thom 3.143
a ]0( b4 1_|¢maX’TX| T Rx ( )
|(Z)maxTX| 1
_J (2,,, nax _._)_ (3.144)
° 1_|(,bmax,Tx| Q

This seems to suggest that the receiver sampling phase process has no influence on the
correlation. However, the system is not sampling with the nominal rate, but with an impaired
time reference, refer to section 2.4. Then, using the same assumptions and notation about the
fastest sampling phase drift in the receiver, we can write

1 .
a=Jo|2m ———————(1+|Pmaxrs|) |, (3.145)

where |pmax x| < 1 and |pmaxrx| < 1. Thus, as desired, the correlation decreases faster with
higher differences in the sampling phase processes. Finally, in order to fully describe the
autoregressive process, the correlation matrix of the increments A(i)c needs to be determined.
It was described previously that they follow a complex Gaussian distribution. The simplifying
assumption®? that the channel variations are uncorrelated between different receive antennas,
and, also, between the different transmit antennas, as well as the different channel taps, will
be used. Then, the correlation matrix of any row of the increments sufficiently describes the
process, and is given by

_ P iH | (1 A2). a4 2 2
Cage, =E|Ade APY | = (1-a?)-diag(oh_ o0h 1), (3.146)
. x H M T . . . . . .
with A®¢ = [Agbcl o Addg, M] , and using the variance normalization mentioned previ-
ously.

Given the two model parameters ¢ and C Ade which are used to express the time-varying
behavior due to the SFOs, the goal is now to try and find good values for p that can deal with
these timing impairments. As in the previous section, the misadjustment can first be written
as [84, 88]

NLt ;Li (CxTr,LT [k]]

=1 1Ay, K1) 1 1 i
o= il - 3.147
K NLp Mi(Cep 1K) K Ai{Ceyyy 101) O (3147

2_112.7 T Ir,Lp Z_MZIXLT Tr,Lp i
=1 1 (G, 101) T (ST
2
g% 1 1
~ uNLy o += - /j : (3.148)
2- IJU'x.rr,n 2+NLt) p 2_ /JNLT —UxTrzv" Uhm
1_ua—xTr,n

33For oversampled systems, there will at least be correlation on the channel tap level. However, this is a worst-case
assumption that yields usable results for any case.
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where the time-varying contribution is now given differently [88] with

2
(1_652(1_:“0?@,,"))(1_63)2 2(@-1(1—-po? )

xTr,n

2 —_ 2 _ 2 _
(a-pot, y-1) 1T aUmpo)ol

p="Tr (CA‘,-,Cm) 1+ (3.149)

2
2 2
l1-«a (l—HUxT,_n) ) 1-a)? z(a_l)(l_ugf—mn)

~(1-a?)|1+ - ) (3.150)
( ) (a(l—uaiT )—1)2 1-a®  a(l-po%, )-1

where the second approximation holds for our definition of the correlation matrix C, bem’ and
assuming unit sum power of all channel taps. The general solution for this f is complex, but
can be computed for a given parameter set. In the following, some of the limiting cases for
a, which lead to easier solutions, will be investigated. Consider first the case of 1 —a = 0, i.e.,
small SFO, which yields

B=Tr(Cpp, |=1-0 (3.151)
2 Tr|Cy
o T,n 1 1 Adg
ﬂ:pNLTz_ = XT(é+NL )+ﬁ = (02"’“ ) (3.152)
Using the same approaches as for the CFO case we get
1=.4 (3.153)
2 Ir (CA(bc,m) 2 Ir (CA(bC,m)
= 0=-2(1+NLt) -y~ + 3 +—= M 5 (3.154)
ailm axTr,n C,--)CTr,na-flm
oM
0= (3.155)
o
2
o 22+ NL
— 0= (ZNLT ~Tr(Cag,, | UXZ“'” @2+ NLT)) 24T (Cpg | % :
e " (3.156)
X Tr (CA(bC,m)
Y02 g2
XTr,n Ny

The solution to these quadratic equations is obtainable, but rather complex. Assuming, as in
the CFO case, that u < —-2— yields

0%, NLy

2 Tr(Cy
U 1 A C m
M ~ uNLy sz +2 ( g, ) (3.157)

2
20 o
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which simplifies the two approaches to solving the simpler quadratic equations

2 Tr{C, ;
g Ad-
0= NLp—2 -,uz—,u+—( 2¢C""), (3.158)
2 20,.lm
and
2 Tr|Cu i
g5 Ad~
0= NLTﬂ .“2_ M (3.159)
2 Zaﬁm

The second approach then leads, similar to the CFO case, to a usable expression, given by

Hopt,SFO = .
P \ aimaflm -NLt
~ 1-a? (3.161)
\ Uinnaﬁlm “NLy' ’

which has also been obtained in the literature. From this equation, it is seen that as expected,
the lower «, i.e., the higher the SFOs |<[)max|, the higher u needs to be. Note that this expression
only holds for small SFOs, i.e., @ close to one or |(,bmax| <1072, and small y, as will be seen

next. It is of particular importance, to check if popt,sro < ﬁ
X T

Tr,n

Hopt,sFo and the given parameters. From (3.157) and (3.161) we can, furthermore, calculate

is true for the computed

the misadjustment for this optimal choice of y, which is given by

2 3
. NLt| . (3.162)
it

'/%opt,SFO =~ (1 - aZ) :

Figure 3.6 presents some example results for the correlation parameter «, as well as the se-
lection of y for the relevant SFO range3, using the different solutions. The first plot shows
the a values that correspond to the maximum SFOS |Pmax| = | max x| = |Pmax rx| using equa-
tion (3.145), where it is seen that for practical SFO values, « is indeed very close to one. The
second figure has a similar shape as in the CFO case, where the selection of p according to
(3.161) is proper for low SFOs, i.e., \(j)max,Rx| <1073, As in the CFO case it is seen that there is a
fixed value for u that generates a misadjustment that is comparable to one and independent
of the SFO. It can be used when no information about the order of magnitude of |(/')maX,TX| and
| pmax rx| is available, and is given by

1
" o2 NLp'

XTr,n

7 (3.163)

34Recall, for example, the g, values given for a 60 GHz system with a sample duration of 1ns in section 2.4,
which were between 1075 and 1073,
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Figure 3.6: Selection of the step size y for channel estimation for MIMO systems with multiple
SFOs under different parameter settings: Left plot shows the correlation parameter a w.r.t.
practical SFO values |@max| = |Pmax x| = |Pmaxrx| according to equation (3.145); Right plot
shows different selections of i for the given parameters.

see appendix B.2.

Now, consider the case of a = 0, i.e., very high SFOs of ’¢maxRx| > 107! that generate channels,
which are basically uncorrelated from observation to observation. Similar to the CFO case,
this approach can also be used when no information about the order of magnitude of |(,l')max,Tx|
and |¢>maxRX| is available. This assumption leads to

ﬁ - ﬂTr (CA(bC,m) O-iTr.n = (1 - az) O-iTr,n (3164)
2 Tr|C 2
1 A m n
M = uNLy Yo [Cade, ) (3.165)
RS - 2+NL o4 2
“UXT ( + T) 2_ HNLT — xTr n o-flm
#UxTr n

The general solutions, if they are obtainable, lead again to fairly complicated quadratic equa-

tions, yielding little insight. Using u < 024 with the approach of 1 = .4, leads to the the

Tr,n NLI
following solution

2 Tr (CAd’C,m)

-— : (3.166)
NLT O'thLT

It is seen that for low values of «a, it becomes difficult to find good values for p with the
autoregressive model, as the observations are almost uncorrelated. In the most extreme case
of @ =0, the channel is completely uncorrelated from observation to observation, and thus the
best estimate for the current channel Hx[k] would be the instantaneous correlation between
input and output, and neglecting the previous estimate I:IC[k —1]. In such a case, the LMS
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algorithm is no longer usable, as no tracking can be performed. However, such low a values
do not seem relevant for the practical range of SFO values, see Figure 3.6, which is why this
behavior is less critical. In Example 6, we give some numerical values for the selection of
the step size in a mmWave LoS MIMO system with sampling phase variations, which can be
obtained from the results in this section.

Example 6. Assume a mmWave LoS MIMO system with M = N = 2 antennas on each side,
Lt =5 multi-path components, yielding N - Lt = 10, a sampling period of Tnom = 11s, and a
symbol period of Ts = 2ns, yielding Q = 2. It was seen in section 2.4, that a typical SFO value for
sampling rates in a 60 GHz transmission system is |Ap .. .| = |APrax rel = [APrmax] = 107
The transmit power is assumed to be a‘j‘cn =1, and the noise power is assumed to be of.lm =0.01,
yielding a SNR of 20dB. When no information about the SFO level and SNR is available, the
step size can be selected as mentioned in the first part of Example 5.

Consider the case, where we have information about the SFO level and noise power. We then
select the step size i using (3.145) and (3.161). This gives u~7-107°, 7 ~ 1.43-10%, or 14.3ps,
and, from (3.162), 4 = 7-107*. It is seen that both the suggested optimal step size u and the
misadjustment is lower than in the CFO case. For practical cases, where the variation due to the
SFO:s is often significantly smaller than the variation due to the CFOs, we can theorize that the
performance of the adaptive filter is limited by the CFOs. This claim will be further investigated
in the next section.

Dealing with Both Timing Impairments

The total misadjustment, taking into account both CFO and SFO, can generally be computed
[88], but takes on a rather complex form making it difficult to obtain solutions for u. It is
possible to use the sum of (3.127) and (3.151) for a combined f describing both effects, but
also in such a case the expressions for u are complicated. Thus, qualitative arguments for
selecting p under different scenarios will be made in the following.

Firstly, consider the case where no information about the CFOs and SFOs, which exist in the
system, is available. The solution when only one of them exists, but no information about their
order of magnitude is accessible, were given in (3.135) and (3.163), respectively. Accordingly,
in this case it is suggested to use

1
o2 -NLp

xTr,n

4
U2 = 3 (3.167)
which is the larger of the two solutions, i.e., assuming the worst case scenario. Correspondingly,
Figure 3.7 shows the misadjustment when p is selected according to this equation, as well as the
misadjustments for the cases of only CFOs or only SFOs, using their respective approximately
optimal solutions from (3.134) and (3.161), thus, employing knowledge about their order of
magnitude. It is seen that in cases where CFOs and SFOs are of a similar magnitude, the
misadjustment due to CFOs is generally higher. Secondly, in cases where |@max| = |pmax|, i-€.,
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Figure 3.7: Comparison of the misadjustment of an LMS algorithm for channel estimation
in MIMO systems with multiple CFOs, with a maximum value of |A¢,, .|, or SFOs, with a
maximum value of |(,Z)max|, for different selections of the step size . Parameter settings for the
shown example are afmn =1, a%m =0.01, N-Lt =10, Q =1, and |max| = | pmax x| = |Pmax, |-

the SFOs are of similar or smaller magnitude compared to the CFOs, it is suggested to select
according to the CFO case, given by

A2 3
-————JEHBEL———) ) (3.168)

=4

Hopt,CFO ( U;LCW ‘731 _-NLp
Thirdly, whenever the SFOs are significantly higher than the CFOs, i.e., |pmax| < |pmax|, it is
suggested to use the optimal solution of the SFO case, defined as

(3.169)

Finally, whenever the approximations, that were used to derive these simplified optimal
solutions do not hold, we may solve the polynomial function of the respective case.

3.4.5 Oversampling in LMS

So far, it was not specifically discussed whether the system is oversampled or not. Looking at
the previous sections, it should be clear that it does not matter for the steady-state estimation
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and tracking of the time-varying channel, except in terms of complexity, if the reference signal
Vi, [k] and the channel to be estimated H¢[k] are oversampled or not. It was seen that the
performance of the adaptive filter only depends on the correlation matrix of the input signal
Cxy, Iy [k], the timing impairments, the SNR, and the step size u. In particular, it was seen that
the misadjustment of an adaptive filter, based on the LMS principle, depends in several ways
on the term

NLr  A; (CXT[_LT [k])
M x Z

i=1 1—pd; (CXMT [k]) ,

i.e., the eigenvalue spread of the input signals correlation matrix. Thus, it is interesting to

investigate what the difference in C k] is, when the input signal is symbol spaced or

XTr, L [
oversampled.

First, consider the case where the input signal to the channel and filter is not assumed over-
sampled®®. Given the assumptions about the training signal from section 3.2.1 and assuming
equal transmit power across all antennas, the correlation matrix is, as in section 3.4.1,

Cxyyy, [K] = Cxyp = 0% INLy (3.170)

The correlation matrix is, thus, time invariant and diagonal with equal entries, which are, for a
diagonal matrix, also equal to the eigenvalues of that matrix. Thus, all of the results that were
computed in the previous sections for selecting y, and the corresponding misadjustment for
MIMO systems with multiple timing impairments can be used.

Secondly, assume the case where the input signal to the channel and adaptive filter is already
pulse shaped, i.e., X;, [k], see also section 2.5.6. The main benefit of using the oversampled
input signal is that the filter does not need to learn the transmit pulse shape, which is usually
known, and thus the filter length can potentially be reduced. The correlation matrix for this
case follows, using the same assumptions as above, as

Cxy,,, (K] =B %y 1, [KIX ; (K] 3.171)

2
XTr,n

Q

where Hp is a block-Toeplitz matrix of the transmit pulse-shaping filters. It can be noted that

HpHY, (3.172)

they are still uncorrelated among different transmit streams, and for most practical filters also
only have little correlation w.r.t. to symbol shifts, see Example 7.

Example 7. Consider a set of two uncorrelated (across time and space) symbol streams, i.e.
N =2, that are each pulse shaped, except for the case of Q = 1, by a root-raised-cosine filter
with roll-off BT = 0.3, and with a length of 10 symbols, for different oversampling factors Q. An

35The actual signal that is generated in baseband and then transmitted may still be oversampled (or pulse
shaped), but from the adaptive filters perspective that filter is seen as part of the complete channel.
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observation interval of LT =5 symbol periods is investigated, and aim = 1. Figure 3.8 shows
the normalized pulse shape for these cases, as well as the corresponding eigenvalues of the
correlation matrix in these cases. It is seen that regardless of the oversampling factor, there is
only a finite number of significant eigenvalues, all of them being similar in magnitude. A lot of
the insignificant eigenvalues are analytically zero, but will practically have some finite value.
Nevertheless, their contribution to the overall steady-state performance is still negligible.
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Figure 3.8: Normalized pulse shape for different oversampling factors (left), and the corre-
sponding eigenvalues of the correlation matrix (right), when using these pulse shapes on two
uncorrelated symbol sequences across time and space.

From the example it is seen that the eigenvalues of the correlation matrix depend in the over-
sampled case on the pulse shape, specifically on the roll-off factor fr, see also [90]. Looking
at the relationship between ./ and the eigenvalues of the correlation matrix A; (CxTr, - [k]) it
is seen that the largest eigenvalues have the highest contribution, and small ones, or ones
that are zero, can be neglected. In the symbol-spaced case, there were N - Lt significant
eigenvalues, corresponding to the power of each transmit stream. In the oversampled case,
there are N - Lt - (1 + Br) significant eigenvalues, corresponding to the transmit power of each
stream shaped by the pulse form. Thus, as fr — 0, the oversampled case becomes equal to
the symbol-spaced case, and the results from the previous sections can be used. For high
values of B, more significant eigenvalues appear, but their magnitude is reduced. It can be
checked that the sum of eigenvalues from the beginning of this section, which determines
A, is approximately the same, irrespective of the roll-off fr. This means that even when
considering an oversampled input signal to the adaptive filter, all of the results that were
derived in the previous sections can be employed. Note, however, that the convergence
properties of the filter do depend on the complete eigenvalue structure. Typically, a large
eigenvalue spread means that the adaptive filter converges slower, as the convergence speed is
limited by the smallest eigenvalues [28, 76, 84]. To summarize, the convergence behavior of an
adaptive filter is influenced by the eigenvalue spread caused by an oversampled input, while
the steady-state error and tracking performance is not, at least for the channel estimation (or
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system identification) case.

One further comment about the eigenvalues of oversampled inputs to an adaptive filter
is important. The eigenvalues of a correlation matrix of several oversampled signals are
determined by their spectral shape, i.e., their pulse shape, and the correlation between those
several signals, as was seen in the example. This observation will become useful in the next
chapter, where a version of the LMS algorithm is used for adaptive equalization, and the input
signal is the oversampled received signal yLR [k], see [90] for the SISO case. In this case, the
complete MIMO transmission channel has an influence on the eigenvalues [24, 28], see also
section 3.4.1.

3.5 Simulation Results

In what follows, some exemplary results for the estimators that have been derived in this
chapter will be given. The channel characteristics will be selected to fit mmWave LoS MIMO
systems in terms of multi-path, e.g., delay spread in the nanosecond range and significantly
reduced power of multi-path components see [12, 53, 91, 92, 93, 94], and timing impairments
w.r.t. a symbol duration of T = 1ns, see for example Table 2.1. In particular, the channel will
be assumed3® of length37 Lc = L=10with a Rician factor Kg of 10dB. The LoS MIMO tap, i.e.,
Ic =0, will be considered orthogonal, i.e., designed according to (2.20) and following (2.12),
while the other L¢ — 1 taps will be drawn from a complex Gaussian distribution, yielding>®

KR
1010 — jog tmnd
— .e

hmnllc =0] = A (3.173)

K
1+107

1
hmnllc 0] ~6€N (0, —KR) (3.174)
1+1070

while enforcing normalization of the channel power given by 3. |1, [lc] > = 1. Depending
on the correlation properties of the training sequences across time and space, the channel
characteristics can have an influence on the estimation performance, as will be seen in the
results. When the training sequences are uncorrelated across space, which will usually be
the case here, the orthogonality of the MIMO channel has no influence on the estimation.

36As briefly mentioned in the beginning of the adaptive filter section 3.4, the channel length is typically not
known, but needs to be estimated. The efficiency of both estimation approaches can only be high if that estimate
is of reasonable quality. In this work, we assume that such an estimate is available. In general, this is a model order
selection problem [84, 95].

37with the mentioned symbol duration, this is comparable to a delay spread of 10 ns.

38In the simulations using these definitions, the wireless propagation channel is, thus, frequency flat and
time invariant, when Kg — oo. In other words, for this case it is a pure LoS channel where the channel entries
are defined by the geometric arrangement through (2.12). For finite values of Ky, the propagation channel is
frequency selective and time variant. For the simulations, the selectivity, i.e., influence of NLoS taps, is given by
KR, and the interval between changes in the NLoS taps, i.e., the time variation, was set to 10- Ly symbols for the
corresponding scenario. With the mentioned symbol duration and Ly, values in the range of one hundred, this
could be compared to a coherence time of 1 s, or, similarly, a Doppler spread of approximately 420 kHz.
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However, if information about the spatial characteristics of the channel, e.g., the antenna
arrangements, is available, it may be exploited to improve estimation performance, as will
be seen in the second part of section 3.5.1. The focus will be on symmetric antenna setups,
i.e., M = N, as they yield the highest throughputs with the smallest array size in LoS MIMO
systems [13]. As training sequences, the practically relevant pseudo-noise sequences, and
Zadoff-Chu sequences [81], which approximately fulfill the criteria outlined in section 3.2.1,
will be considered.

3.5.1 Channel and CFO Estimation in the CFO Impaired Case

Consider the case of a MIMO system that is affected by M + N CFOs, i.e., oscillator setup 4, and
is symbol spaced as described in section 2.5.2. As primary training, a Zadoff-Chu sequence of
length L¢ that is separated in time among the N different transmit antennas is considered. In
order to obtain the ideal autocorrelation property of the sequence, it needs to be cyclically
repeated at least once, and Lc — 1 zero symbols after the repeated training sequences are
required for each antenna, to remove the interference between the different antennas due
to the multi-path. This yields to a total training sequence length of Lty = N- (Lc-2+ Lc—1).
Since the higher channel coefficients carry significantly lower power in mmWave systems,
their influence is limited and we may reduce the length to Lty = N Lc-2+ Lc— 1. Note
that the average training power normalization E [ler,n[lTr] |2] = in =1, and the channel
normalization described above, lead to better estimation performance with an increase in M,
N, and L7y, approximately proportional to the increase of that parameter. Since the CRBs are
very complicated for this system setup, a benchmark scenario with ideal impulse-like training
sequences across time and space of the same length and power is computed for comparison,
which is thus a lower bound?® on the achievable performance. Especially when the phase
processes take on a more complicated shape, this bound helps to judge performance. For
estimation of the channel (3.43) is employed, while for estimation of the CFO differences
(3.45) with Lg = Lty is used. To reduce complexity further, the latter only uses the LoS taps, i.e.,
flC, mnlk, 0], which carry most of the power, for the phase estimation.

2
Pw

mean variations and the initial oscillator phases are drawn from gy m/n ~ % (=, e,) and

First, assume purely linearly-drifting phase processes, i.e., 07, =0 and O'én = 0, where the
¢wl0] ~ % (—m, ). Thus, the maximum average CFO difference that can occur in the system
is +2u, . The estimation performance for M = N = 4 and L¢ = 10 for channels and CFOs,
using Lty = 89, is given in Figure 3.9. Both the pure LoS case, i.e., Kr — oo, and the standard
case, i.e., Kr = 10dB, are shown. The MSE results show a performance gap of around 3 dB
for both parameters in the LoS case, which is likely due to the required repetition of the
Zadoff-Chu sequence, where only one of them can be used for reliable estimation. Although
the MSE is generally low, some performance floors and performance gaps compared to the

39This approach essentially decouples the MIMO system into M - N SISO systems with impulse-like training of
equivalent transmit power per transmit antenna. The results shown later on are then equivalent to the CRBs, for
example [3, 4], if available for the considered system.
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Figure 3.9: MSE of estimating the channels and CFOs with (3.43) and (3.45) for a symbol-
spaced LoS MIMO system affected by independent linearly-drifting carrier phase processes,
with L¢ = 10 taps, M = N =4 antennas, and using Zadoff-Chu training of length Lt = Ly = 89.
Channel estimation error for different Rician factors Kr and normalized CFO values p,,, (left).
Phase difference estimation error for different Kz and e, (right).

lower bound can be observed for the estimation of both parameters. For the estimation
of the channel taps, it is seen that CFO values of y,, = 10~2rad are high enough that the
approximation hE,LC,l (k] = hE,Lc,l [k + I1r], or prx[k] = p1x[k + I1y] and ¢px[k] = Prx[k + I1y] for
It ={1,..., L1y — 1}, is not valid anymore and, thus, the correlation with the training sequence
is influenced by the CFOs. The error floor in the case of channel estimation for Kz = 10dB is
due to the ISI between the training sequences of the different antennas, i.e., the reduction of
the training length from L1y = N (Lc-2+ Lc—1) to L1y = N-Lc-2+ Lc— 1. The gap in the phase
difference MSE between the two KR cases is explained by the fact that only the LoS tap is used
for the estimation, which carries different amounts of power for both cases, see the previous

section. For CFO estimation, it should also be noted that the condition Lg < [MLW is not quite

3
fulfilled for the highest CFO case, but since this is a conservative condition, ilv;e estimation
still yields usable results. Generally, the MSE of all plotted scenarios is low enough to not
significantly influence the performance of an equalizer. However, if more accurate estimations
are required, simple solutions are: increase of the training length Lt;, while removing the ISI
between the antennas, and performing an iterative estimation, where carrier phase difference
estimates are obtained first, which are then removed from the signal before carrying out the
standard estimation procedures used here. For the pure LoS case, i.e., K — oo, the results
can also be compared to the asCRBs mentioned in section 2.6.1. It is seen that the asCRBs are
higher than the lower bound used here, and slightly lower than the MSEs of the estimators in

the LoS case.
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Figure 3.10: MSE of estimating the channels and CFOs with (3.43) and (3.45) for a symbol-
spaced LoS MIMO system affected by independent practical carrier phase processes, i.e.,

oiw = O'én # 0, with Lc = 10 taps, Rician factor Kg = 10dB, M = N = 4 antennas, and using
Zadoff-Chu training of length Lt = Lg = 89. Channel estimation error for different normalized

CFO values p,, (left). Phase difference estimation error for different p,,, (right).

Secondly, consider more complex phase processes using 05, =03, =10"*rad?, with all other
parameters being the same as above. Figure 3.10 shows the MSE results for Kz = 10dB, also
including the lower bounds and the results for the linearly-drifting phase process from above.
For channel estimation, a slight increase of the MSE is observed, which comes from the
reduction of the maximum correlation gain due to the influence of the more randomly varying
phases. The change in the estimation performance of the carrier phase differences is much
more pronounced. It is seen that especially the Wiener contribution to the phase process,
i.e., the phase variation due to close-in PN, significantly increases the error. The white noise
contribution, i.e., far-out PN, does also create an error floor but has less impact as it can be
averaged out to some extent. The same performance improvement suggestions as in the
previous case can be used. However, depending on the impact of the Wiener process during
the length of the training sequence, a performance limit may exist*’.
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Figure 3.11: LoS MIMO channel estimation exploiting the structure of the channel: (a) Antenna
array setup generating the block-Toeplitz structure; (b) MSE for channel estimation without
CFOs exploiting the block-Toeplitz structure. A Rician factor of Kg — oo, M = N =4 antennas,
and different training lengths Lt were used for the results.

Exploiting the Structure of Pure LoS MIMO in Frequency-Flat Channels

Consider the case of L¢c = 1 and Kg — oo with ideal transmit and receive filters, i.e., hrx () =
hpx,m () = sinc (n T L ) It was seen in section 2.2 that the LoS MIMO channel depends highly

nom,Rx
on the geometric setup of the antennas. If the setup of the antennas is known with a very high

precision, specifically their relative distances, the channel can be calculated and no estimation
is necessary. In practice, measuring (or manufacturing) those distances precisely is difficult
and, thus, some form of channel estimation is always helpful. Nevertheless, it is still possible
to exploit the knowledge about the geometric structure of the arrays. For all approximately
optimal, symmetric (M = N), uniform array designs, the LoS channel matrix H[0] will have
approximately a block-Toeplitz structure, i.e.,

[Hi[0] H[0] - Hyl0] ]
H,[0]  H[0] - Hy,_[0]

H[0] = H3[0] H[0] HNl—z[O] , (3.175)
[Hy, (0] Hy,-1[0] -+ Hy[0]

40Consider the case, where the linear drift and the white noise part of the phase noise are negligible. This means
that we only need to consider the Wiener contribution with variance Uéw. The variance of a Wiener process at
time [y is given by Iy - aéw. We can see that the longer the training sequence, the more correlation gain is lost due
to the Wiener process. The exact impact depends on the total length of the training sequence and the variance of

the Wiener process.
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where N is the number of elements in the first array dimension and the sub-matrices of index
n; have a Toeplitz structure with

[ 11 (0] Rual0] o R 10] ]
hnlz[O] hnll[o] te h}’l]Nz—l[O]
H,, [0] = | /3101 hp2[0] -+ hpNn,-2001] (3.176)
| N, (01 By N,—1[0] -+ By (0]

where N, is the number of elements in the second array dimension. Note that there are N}
different sub-matrices with N, different entries. An example of a two-dimensional Tx/Rx
antenna array setup with this structure is given in Figure 3.11a. It can, more generally, be said
that for uniformly-spaced antenna arrangements, including non-symmetric cases, there will
be a part of the channel matrix that has a block-Toeplitz structure and a part that depends on
the specific chosen arrangement and alignment of the arrays.

From this structure, we can see that the first column or row of the channel matrix determines
the complete matrix*!. In other words, estimating the channel based on one received stream,
e.g., using (3.43) with m = 1, is sufficient and the other ones can, for example, be used for
averaging in order to improve the quality of the estimate. Figure 3.11b shows the estimation
performance for an optimal LoS MIMO setup, i.e., designed according to (2.20), without CFOs
and with M = N =4, in terms of the MSE. The same normalizations as above are used, but
the training length is reduced to Lty = N. The CRB assuming this type of channel, see [96], as
well as the standard solution from above not exploiting the structure are given as references.
For the Toeplitz exploiting results, averaging was used over the appropriate entries [96], when
Lt > 1. It is seen that significant gains can be achieved by exploiting the structure of the
channel. For different numbers of antennas, including the case of a single CFO, and also a
discussion on the sensitivity of this approach w.r.t. to slightly imperfect channels, see [96]. In
general, there is a trade-off regarding the potential gain of this strategy. The higher the number
of antennas, the higher the gain of exploiting the structure. However, the higher the number of
antennas, the more susceptible the setup becomes with respect to misalignments and small
spacing offsets, as will be seen in the experimental results of chapter 5, which reduces the
Toeplitz structure of the matrix.

3.5.2 Channel, CFO, and SFO Estimation in the General Case

Consider the general case of an oversampled received MIMO signal that is affected by both
M + N CFOs and M + N SFOs. The same framework and lengths, in terms of number of
symbols, as in section 3.5.1 are used. The oversampling factor is set as Q = 2, and on the
transmit side a root-raised-cosine filter of 10 symbol durations with a roll-off St = 0.25 is

41This only holds if oscillator setup 2 is used, while additionally assuming the same phase for the PLLs on the
Tx/Rx side, respectively. Likewise, if the phase effects due to the oscillators have been sufficiently compensated,
the structure is also observed.
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used for pulse shaping. Note that the absolute lengths are increased approximately by the
oversampling factor, i.e., Lc/tr/g = Q- Lc/Tr/E, as mentioned previously. In order to make a fair
comparison to the previous results, the parameters that define the carrier and sampling phase
processes have to be slightly adopted. In particular, it is assumed that when the oversampling
factor Q is increased, the phase variation per sample decreases*?. Thus, the values that are
mentioned in this section for w, , e, O'éw, and Uzq'zw are to be understood per symbol. The
sampling phase processes are defined by ¢y [0] ~ % (-0.5,0.5) and g, m/n ~ 2% (= tg,» K.
meaning that the maximum average sampling phase difference per symbolis +2u . When
SFOs are present, the different antennas generate slightly different symbol rates, which means
that after some time full sample, and eventually symbol, shifts will occur, as was discussed
previously, see Figure 2.8 and appendix A.3. While the estimators that have been derived in this
chapter are applicable to this case, as long as the shift is smaller than the window length L,
the Zadoff-Chu sequence of the different transmit antennas will eventually overlap, creating
interference in the correlation that is used for channel estimation. A simple remedy to this
problem is to use different Zadoff-Chu sequences, having low crosscorrelation with each other
[81], for different antennas. In order to use the same training signals as above, the results
shown here, hence, only consider estimation of the relative difference on aligned signals, i.e.,
where full sample shifts have been removed, which are in the range of —0.5 < A([)mn (k] <0.5.

For channel estimation (3.82) is used, while (3.45) with Ly = Ly, is used for the estimation of
the carrier phase difference processes. As in the previous section, the latter one only uses the
LoS taps in order to limit complexity. For estimation of the sampling phase differences, (3.76)
is used in the case of almost frequency-flat channels, while (3.84) is used in other cases. Note
that the second method only computes the relative variations of the phase processes over
time, while the fixed phases offsets are also needed to obtain the correct symbol timings. In
other words, this method yields the variations in the sampling over time, but not the initial
starting sampling phases, whereas (3.76) computes the offset w.r.t. to the ideal time instants.

Figure 3.12 contains the MSEs for the estimation of channels and CFOs in a LoS MIMO
system with Kg = 10dB. It contains results for both purely linearly-drifting processes, i.e.,

05, =05 = ‘Tzzpw = ‘Tzq';n = 0, and more complex phase processes, i.e., 0, =0, =#0and
az(pw = Uz(pn # 0. It is seen that the addition of the SFOs deteriorates the performance somewhat,

compared to the results in Figure 3.10. The channel estimation MSE is increased by a couple of
dBs, while the CFO MSE has almost the same behavior as in that previous case. It is also seen
that the more complex phase processes slightly increase the MSE. As in the pure CFO case, the

42This is equivalent to assuming that fixed continuous-time phase processes exist, which do not change when
the sample rate is changed. This also conforms with the conversion equations in appendix A.1, where a change in
Thom accordingly scales these values.
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Figure 3.12: MSE of estimating the channels and CFOs, with (3.82) and (3.45), for a LoS MIMO
system affected by independent carrier and sampling phase processes, with Lc = 20 taps,
M = N =4 antennas, Rician factor Kg = 10dB, using Zadoff-Chu training of length Lty =179,
and using an oversampling factor of Q = 2. Includes purely linearly-drifting, as well as more
complicated phase processes. Channel estimation error for different normalized CFO values
Ky, and SFO values p,, (left). Carrier phase difference estimation error for different y,, and

K, (right).

main performance degradation? is due to the interference that is generated due to the timing
impairments during correlation with the training sequences, as well as the interference from
the training sequences of different antennas.

In Figure 3.13, MSE results for the estimation of the SFOs in the same system, but with both
Kr — oo and Kr = 10dB, are shown. The observation window size for the sampling phase
difference estimation is Lc = 20, and the DFT size is chosen as D = lZL—éJ —1 =4. For the case of
KR — 00, the results were obtained with (3.76). This approach does not generate useful results
for Kg = 10dB, since the squaring does not sufficiently suppress the multi-path contribution.
Thus, for this scenario (3.84) is used. The results show that low MSEs can be achieved with both
approaches for the respective cases. As for the estimation of the channel and the CFOs, the
impact of the timing impairments on the correlation with the training sequence also increases

the MSE of the SFO estimation, when higher CFO and SFO values or more complex phase

43How such estimation errors affect the complete transmission chain depends on how the estimates are used in
the receiver. Such investigations may be found in the literature. A simple approach is to view the estimation errors
as an additional noise term, which is scaled by the input samples. As such, it degrades performance markedly
when it is in the vicinity of the SNR. For the results from Figure 3.12, this means that the channel estimation errors
limit performance for SNRs higher than approximately 14 dB. This value is obtained by assuming that the channel
estimation errors are insignificant, when the MSE is 6 dB above the SNR. Although this approach yields some
intuition on the impact of estimation errors, it may not show the true influence of these errors, especially for
MIMO systems.
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Figure 3.13: MSE of estimating the SFOs, with (3.76) and (3.84), for a LoS MIMO system
affected by independent carrier and sampling phase processes, with L¢c = 20 taps, M = N = 4
antennas, different Rician factors Ky, using Zadoff-Chu training of length L1y = 179, and
using an oversampling factor of Q = 2. Includes purely linearly-drifting, as well as more
complicated phase processes. Sampling phase difference estimation error using (3.76) for
different normalized CFO values p,,, and SFO values p,, (left). Sampling phase difference
estimation error using (3.84) for different u,, and p,, (right).

processes are considered. Generally, the method of (3.84), using two consecutive channel
estimates for SFO estimation, can achieve lower MSEs and is closer to the bound, as it only
estimates the difference in the sampling phase processes between two time instants, and also
does not impose a certain channel characteristic.

3.5.3 Adaptive Filter: Convergence and Tracking in the CFO Impaired Case

In this section, simulations investigating the estimation performance of the adaptive filter
will be provided. First, the focus is on a symbol-spaced, i.e., Q = 1, LoS MIMO system that is
influenced only by multiple CFOs and a frequency-selective channel, i.e., M = N =4, Kg =
10dB, and Lc = 10 as in the previous sections. As training signal, a pseudo-noise sequence
oflength Lt = Lc = 10 per iteration is used. Compared to the previous sections, the timing
impairments will not be specifically extracted**, but only the MSE of the complete time-
varying MIMO channel matrix will be computed. The adaptive filters are in the convergence
case initialized with a zero matrix.

Figure 3.14 contains the convergence behavior, specifically the ensemble averages over many

44Given estimates of the time-varying MIMO matrix over time, we could extract the timing parameters in the
same way as in the standard estimation approach above.
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Figure 3.14: Convergence MSE of channel estimation with an adaptive filter, with step sizes
1 and pp from (3.113) and (3.135), for a LoS MIMO system affected by independent carrier
phase processes, with Lc = 10 taps, M = N = 4 antennas, a Rician factor of Kz = 10dB, using
pseudo-noise training of length Lt = Lc = 10 per iteration, and using an oversampling factor
of Q = 1. Behavior without CFOs for two different SNRs (left). Behavior for a SNR of 20 dB with

different CFO levels u,,, and 07, =07, =0rad® (right).
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It is seen that the filters converge after roughly 400 iterations, compared to the approach from
above where similar MSEs were achieved within a training length of Lt = 89, and that the
steady-state error for both u is low, when no CFOs are present. In this case, it is also seen
that the lower u; always has a better performance, and that an increase in SNR equivalently
improves the MSE. This shows that it is indeed the white noise that is added in the system,
which is limiting the performance, and not the steady-state variation due the instantaneous
gradient estimate, which was also the underlying assumption for deriving y; in (3.113). Lower
steady-state noise can be achieved by selecting u even smaller than u;, which will on the other
hand increase convergence time. In the CFO case, the behavior is different. While the slope of
convergence is the same, the steady-state error is significantly influenced by the CFOs. For
values of pp, = 1073 rad, the error term due to the lag of the adaptive filter, while following
the variations due to the CFOs, is dominant. We can, furthermore, see slightly oscillatory
behavior in the steady-state MSE, which comes from the fact that the changes are faster than
the filters ability to track them. Specifically, this leads to time instances, where the cyclical
variation of the channel catches up with the adaptive filter, yielding lower MSE, before it sort
of overtakes the filter and the MSE increases again. In general, it is seen that the convergence
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Figure 3.15: MSE of channel tracking with an adaptive filter, with step sizes y1, y2, and popt,cro
from (3.113), (3.135), and (3.134), for a LoS MIMO system affected by independent carrier
phase processes, with Lc = 10 taps, M = N = 4 antennas, a Rician factor of Kz = 10dB, using
pseudo-noise training of length Lt = Lc = 10 per iteration, and using an oversampling factor
of Q = 1. MSE with purely linearly-drifting CFO processes for different y,,,, (left). MSE with
more complex CFO processes for different p,,,, (right).

behavior of the adaptive filter is, in this system, not significantly influenced by the CFOs, but
the steady-state MSE is, which will be further investigated next.

The tracking MSE performance of the adaptive filter is given in Figure 3.15, including the lower
bound that was also used in section 3.5.1. This bound is just meant to serve as a reference
to prior results, as the adaptive filter has infinite memory, whereas the bound was derived
for a finite length of L1, = 89. Thus, for time-invariant channels and corresponding low step
sizes, the performance can be better than the finite-sample reference lower bound. Aside from
the choices p; and p» already discussed, the optimal selection for the step size i in the CFO
tracking case, derived in section 3.4.4 and given by

1
A(pz 3
=4 ——Tmax ,
nu'OptyCFO ( 0_4 0_2 . NLT)

XTen ™ Mgy,

is also used. Note that in order to utilize popt,cro, knowledge about the SNR, and knowledge
about the order of magnitude of the CFOs, i.e., A}, = 21, Whereas the true values for
the simulations are drawn according to py,, m/n ~ % (— e, He,), is assumed. Furthermore,
it is assumed that the filter is in a converged state, either through a single estimate as in
section 3.5.1 or through convergence with a suitable u as above, and only the MSE during
tracking is investigated. The first observation from Figure 3.15 is that for purely linearly-drifting
carrier phase processes, using fopt,cro can yield significant performance improvements for
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small CFOs. The lack of the curve with pop¢,cro for the higher CFO value is explained by the fact

2
that roughly when 10log,, (?%;" ) >15dBand p,, > 103 rad, the approximation yu < m
that was used to derive popt,cro, see appendix B, does not hold anymore and the resulting
value for uopt cro leads to a divergence during tracking. Additionally, the crossing of the two
curves for the high CFO value indicates the point where the lag error of the adaptive filter
becomes dominant compared to the noise that is added by the system. The performance for
more complex carrier phase processes is markedly different. The MSEs are higher, due to the
more erratic phase processes. Importantly, the optimal solution from (3.134) does not give
the best performance, even for small y,,, . The white noise contribution of the phase process
seems to have a significant impact, as the lowest y, i.e., 1, achieves the best results. Generally,
the MSE of the adaptive filter during tracking increases with the CFO, as the trade-off between

gradient noise and lag error becomes worse.

3.5.4 Adaptive Filter: Tracking in the SFO Impaired Case

In this section, the tracking of the adaptive filter in the multiple SFO impaired case is investi-
gated. The same parameters as above are assumed, with the exception of an oversampling
factor of Q =2 and a root-raised-cosine filter with St = 0.25. As training, an upsampled, but
not pulse shaped, pseudo noise sequence of length Lt = Lc = 20 per iteration is used, see
section 3.3.4. As a reference, the lower bound from section 3.5.2 is included additionally.
The filter is assumed to be in a converged state, and the following choices for y, derived in
section 3.4.4 and given by

_ 1 _4
M1 2—3

d 1-a?
- [ ’ —, an —
U?m,n -(NLt+1) H Hopt,SFO 5

2 2 N+
UxTr,n NLT UxTr,nUﬁm NLT

with

are used. As in the CFO case, lopt,sro requires knowledge about the SNR and the level of the
SFOs. Perfect knowledge about the SNR, and knowledge about the magnitude of the SFOs, i.e.,
| pmax,Tx| = |pmax,x| = 1, whereas the true values for the simulations are drawn according
t0 U, min ~ U (=g, Hep,), 1 assumed.

Figure 3.16 contains the MSE results for the tracking of such LoS MIMO channels impaired by
multiple SFOs with an adaptive filter based on the LMS principle. Again, note that the step
sizes are very small, meaning that the LMS filter has a long memory, and can, therefore, be
better than the finite-length lower bound, which is just given as a reference to the correlation-
based results. It is seen that opesro has the best performance for all parameter settings
and yields a significant performance gain, for both the linearly-drifting and more complex
sampling phase processes, compared to the other solutions. Generally, all of the achieved
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Figure 3.16: MSE of channel tracking with an adaptive filter, with step sizes u1, u2, and popt,sro
from (3.113), (3.135), and (3.161), for a LoS MIMO system affected by independent sampling
phase processes, with Lc = 20 taps, M = N = 4 antennas, a Rician factor of Kg = 10dB, using
pseudo-noise training of length Lt = Lc = 20 per iteration, and using an oversampling factor
of Q = 2. MSE with purely linearly-drifting SFO processes for different p,, (left). MSE with
more complex SFO processes for different p,  (right).

MSEs are low, with the more complex phase processes increasing the MSE to some extent. The
worsening in performance with increasing SNR, which is observed for some cases of op,sro,
is probably explained by the accuracy of modeling the SFO variations as a Markov process, and
the approximations that were used to derive popt sro in section 3.4.4. The trade-off between
noisiness of the gradient, and lag error due to tracking of this ¢ seems to be tilted towards the
gradient. This means that for higher SNRs and SFO values, i.e., in regions where the SFO term
dominates the behavior of (3.147), the MSE would increase. It is also seen that the MSE for the
SFO case is lower than in the CFO case for the considered parameter range. This is in line with
the discussion at the end of section 3.4.4, where it was observed that when CFOs and SFOs are
of similar magnitude, the CFO contribution dominates the error performance. This will be
further investigated in the next section.

3.5.5 Adaptive Filter: Convergence and Tracking in the General Case

Finally, the channel estimation performance of an adaptive LMS filter in a frequency-selective
LoS MIMO system including both timing impairments is investigated. The same parameter
setting as in the previous sections are used, i.e., M = N =4, L¢c = 20, Kg = 10dB, Q = 2, root-
raised-cosine with Bt = 0.25, and pseudo-noise training of length Lt = L = 20 per iteration.
Perfect knowledge about the SNR, and order of magnitude knowledge about the CFOs and
SFOs is assumed, when utilizing topt,cro and popt,sro, see also the sections above.
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Figure 3.17: Convergence MSE of channel estimation with an adaptive filter, with step sizes
u. from (3.113), (3.135), (3.134) and (3.161), for a LoS MIMO system affected by independent
carrier and sampling phase processes, with L¢ = 20 taps, an SNR of20dB, M = N = 4 antennas,
a Rician factor of Kg = 10dB, using pseudo-noise training of length Lt = L¢ = 20 per iteration,
and using an oversampling factor of Q = 2. Behavior with purely linearly-drifting CFO and
SFO processes for different p,, and p,, (left). Convergence behavior with more complex CFO
and SFO processes for different p,, and pp,, (right).

The convergence characteristics in terms of MSE are shown in Figure 3.17 for an SNR of 20 dB,
where the filters were initialized with a zero matrix. The CFO and SFO mean values are chosen
as g, = 10~*rad and Hep,, = 1075, respectively. It is seen that the filters converge in this case
for all selections of i, except for popt,sro. This is because, as will also be seen from the next
results, the variation of the channel is dominated by the CFOs. The values of pop¢ sro are, thus,
generally too low to follow the variations due to the CFOs and ensure convergence. For linearly-
drifting phase processes, convergence and the lowest MSE is obtained with popt,cro. However,
for more complex phase processes, and for higher u,, , this does not hold. In particular,
p1 and uo ensure faster convergence and lower steady-state error for the more complex
phase processes, and also ensure convergence for higher CFO values, compared to opt,cro-
Generally, convergence requires a few hundred samples, is not significantly influenced by the
complex phase processes, and is very similar to the CFO only case of section 3.5.3.

The MSE during tracking is shown in Figure 3.18, where the filter is assumed in a converged
state when the tracking starts. As suspected in the previous section and at the end of sec-
tion 3.4.4, the error performance is dominated by the CFOs. This is seen by the fact that the
results for popesro are the worst in all cases, since the resulting u is too low. Using 1, u2,
or lopt,cro leads to reasonably good performance with the two former leading to the most
universal characteristics for the considered parameter range, including the more complex
carrier and sampling phase process cases. As in the CFO only case, the adaptive filter diverges
and does not track the channel properly with pop¢ cro for values of p,, > 1073 rad, since the
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Figure 3.18: MSE of channel tracking with an adaptive filter, with step sizes . from (3.113),
(3.135), (3.134) and (3.161), for a LoS MIMO system affected by independent carrier and
sampling phase processes, with Lc = 20 taps, M = N = 4 antennas, a Rician factor of Kg = 10dB,
using pseudo-noise training of length Lt = L = 20 per iteration, and using an oversampling
factor of Q = 2. MSE with purely linearly-drifting CFO and SFO processes for different p,, and
K, (eft). MSE with more complex CFO and SFO processes for different p,, and pp,, (right).

approximations that were used to derive it do not hold anymore.

The main takeaway from these results is that p; and uy are good choices, when the MIMO
channel needs to be initially estimated, i.e., during convergence, and also when a channel with
more complex phase processes needs to be tracked. With linearly-drifting phase processes,
Hopt,cro may yield superior tracking performance, if the CFO values are not too high. A better
MSE performance using popt,sro is only obtained, when the SFOs have significantly higher
deviations*® than the CFOs.

3.6 Summary & Main Results

In this chapter, estimation of the channel parameters, based on training signals, for MIMO
systems including multiple CFOs and SFOs was investigated. First, based on a MAP/ML
approach, it was shown that matched filtering (or correlation) with each of the transmitted
training sequences is an ML estimator for the channel impulse responses at time k, when the
noise can be considered white, and when the training signals are uncorrelated across time and

45In practice, one often uses the same reference in a given transceiver to generate the carrier and the sampling
frequency. The variations due to CFOs are then usually larger, since the carrier frequency is typically higher than
the sampling frequency, meaning that the variations from the reference are magnified by the higher multiplication
factor.
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space. Extracting the timing impairments from these time-varying impulse response estimates
was proposed to be done under the presumption that they are slow compared to the length of
the training sequence. In particular, it was proposed to estimate them by using the difference
of two, or more, time-separated channel impulse response estimates. Computationally, the
proposed methods are fairly simple, as they only require a phase comparison, or a DFT and a
phase comparison. Iterations between the different estimators could, additionally, be used to
reduce the influence of one parameter on the others, and generate even better estimates. It was
furthermore seen that these approaches can only yield the phase difference processes between
transmitter and receiver. However, as will also be seen in the next chapter, it is beneficial to
separate the Tx and Rx contribution, using the fact that M- N processes are estimated and only
M + N processes do exist. A simple way of doing this was proposed for CFO and SFO estimates,
respectively. The simulation results show that the proposed estimation approaches yield low
MSEs, especially for medium to low CFOs and SFOs. They also hint at the fact that more
suitable training sequences, aside from the Zadoff-Chu sequences that have been used here,
can lead to further performance improvement. Generally, the higher the timing impairments,
the worse the estimation of a one-shot estimator, as the correlation is influenced by them.
When more complex carrier and sampling phase processes are considered, the MSEs are
still low, but exhibit a performance floor at high SNR values. This is because the estimators
proposed here, and most of the ones available in the literature, are based on the assumption
of linearly-drifting phase processes, which does not hold in all system configurations.

To deal with more general time-varying characteristics, this chapter also investigated adaptive
filters as a means of estimating and tracking the MIMO channel with timing impairments. The
focus is on the LMS algorithm, which is of low complexity and which automatically tracks
changes in the channel with some lag. In general, the goal is to assure that the filter converges,
and tracks the variations with the lowest MSE possible. For LMS, this depends on the step
size or rate of adaptation y, the timing impairments in the system, the correlation properties
of the training signal, and the length of the channel impulse response as well as number
of transmit antennas. Different choices for u based on different optimization criteria, and
different available information were derived. For example, when only CFOs are present, the
optimal choice for the step size finds the best trade-off between lag error and steady-state
noise. It thus increases with the level of the CFOs, as the lag error becomes more dominant.
The general case containing both timing impairments is rather complex and only a qualitative
discussion was presented. It was seen that for the parameter range considered in this work,
the error due to the CFOs dominates, and, hence, its solutions may be used in a case were
both CFOs and SFOs are present. A general solution for the step size, which works good for
several cases but generates some excess steady-state noise, is given by

1

Lyt
3 0%, -NLt

Since the optimal solutions were derived based on several assumptions, it is important to check
whether the assumptions hold for a particular parameter setting. For example, the solutions
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making use of knowledge about the order of magnitude of the CFOs or SFOs, are based on the
assumption of linear phase progression, which does not always hold as mentioned previously.
In these cases, where the phase processes take on a more complex shape, i typically needs to
be higher than what is predicted by these solutions. Simulation results show that convergence
is fast for uncorrelated training signals with the selected step sizes, typically requiring a
couple of hundred samples, which is equivalent to hundreds of nanoseconds in the mmWave
case. Furthermore, convergence speed is not influenced by the timing impairments for the
considered cases. Steady-state error, on the other hand, is influenced by them with higher
values, or more complex phase processes, leading to a higher MSE during tracking. The results
also reveal that the optimal solutions for the step size u in the case of timing impairments
yield a significant MSE improvement, given that the phase processes are linearly-drifting and
relatively slow. Generally, the simulation results show that the 4 mentioned above is a viable
option in all of the considered cases.

Comparing the two approaches, it can be said that low MSEs can be achieved with both
approaches with relatively low complexity and short training sequences of some hundred
symbols?®. The correlation approach can obtain lower MSEs, while the adaptive filtering
approach is able to follow more general time-varying channel behavior in a more flexible way.
It can also be used in a modified form directly as an equalizer, without the need for a separate
estimation unit, as will be seen in the next chapter.

46For backhaul-like LoS channels, and linearly-drifting phase processes, one such training is sufficient for
estimating the parameters, meaning that the efficiency loss due to training is negligible. For time-varying channels
or more complicated phase processes, the training needs to be repeated. How often this is required, and how
much it costs in terms of efficiency, depends on the time-varying characteristics of the channels and the phase
processes. A treatment of this topic, w.r.t. the coherence time of a channel, can be found in [97].
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Equalization and Synchronization in
MIMO Systems

This part is concerned with describing receiver structures that can compensate the channel
and timing impairments that have been described so far, using estimates from the techniques
that have been laid out in the previous chapter.

4.1 MAP and ML Data Estimation

It was seen in the previous chapter, specifically section 3.1, that given a good channel estimate
Hg, the task of detecting the unknown transmitted symbol sequence x,, based on the received
sample sequence y; , can be formulated as follows

%1, =argmax [p(V;,IxL,, He =He) p (x.,)] (4.
XLT

= argmax [;exp(— (¥ —Hexp,)" €51 (. —Hex, ))p(xL )|- 4.2)

XLT det (ﬂCﬁ) Ly C T n Ly C T T
Simplifying by taking the logarithm yields

%1, = argmax [log (p (Vi Ixer. He = He) p (x1,)) (4.3)

Ly
1 . N H -1/ N

= log——— - (y;. —Hg¢ = (y; —Hg | 4.4

argmax|1og e e (Vi —Hexe,)” G5 (Vi —Hexe,) +logp (xi,) (4.4)

= argxmin [(YLR ~Hex,) ;! (Vi, —Hexr,) —logp (XLT)] : (4.5)
Ly

where the first term in (4.4) can be omitted because it does not depend on xLTl, see (3.87).
In order to solve (4.5), we need to find the x;, that gives the minimum between the two
terms, which can be done for time-invariant and finite-memory systems by using the Viterbi
or BCJR algorithm [98, 99]. However, these approaches are already fairly complex for time-
invariant frequency-selective SISO systems and time-invariant frequency-flat MIMO systems,

11t would also be removed when taking the derivative w.r.t. x Ly which is done next.
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respectively. This is due to the fact that they scale exponentially with the cardinality of
the transmit symbol alphabet and the dimensions of the system, which are in this case the
numbers of antennas and the length of the channel memory.

Another way of minimizing the log-likelihood function in (4.5) is to take the partial derivatives

w.r.t. the desired data symbols and set them equal to zero?, i.e.,

0= 5 108 (P (i, o He = He) p (x1,)) (4.6)
" oxy, ((YLR ~Hex.,)" G5! (¥, — Fexs,) - logp (XLT)) 4.7)
= o (P o'y, ¥ o e, Gy, ot Ay ey, ~logp ()

4.8)
=¥}, G5 He +x, HECZ ' He — aj logp (L) (4.9)

Ly

It is now assumed that the prior distribution of the data symbols p (xy,) is not known or that
they are independent and uniformly distributed (i.u.d.). Thus, the last term can be omitted

yielding
X Gy e = ¥l €M Hg (4.10)
HZCy Hex, =HICL'Y;, 4.11)
N N i N
= %1, [k] = (Hg[k]cgl[k]ﬂc[k]) HZ [K1C5 (K1 -, (K], (4.12)

noting in the final step that the channel estimates ﬂc and the noise correlation Cz vary
in general with time k, and using the fact that (lell)H = (CIICII)_1 = Cf_l1 since Cj is always a
Hermitian matrix. It should be noted that for the general case considered so far, (4.12) can
only be solved when MLy = N - Lt. From the previous chapter it is known that Ly received
samples contain information about Lt = (Lr + Lc)/Q — 1 transmitted symbols. Thus, for most
cases MLg = N - Ly is not fulfilled and we need to resort to the algorithms mentioned above,
i.e., Viterbi or BCJR, in order to achieve ML performance.

We continue with an equalization approach that presumes® MLz = N - Lt, is not ML for
all cases, but is of low complexity. It can generally be said that the complete information
about the kth transmitted symbol x[k] is contained in Lc received samples. Thus, those
samples are assumed to be sufficient for equalization, and the equalization equation for the

2To be certain that the obtained value is a minimum, the second derivative also needs to be checked. It should
be visible in (4.9) that at least the first two terms are equal to zero, if the derivative of that function w.r.t. xy,;. is
taken again.

3This can be fulfilled when M > N.
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kth transmitted symbols from all antennas may be written as

k] = (A kIG5 k1A k)] B kICS (k] ¥ (K, (4.13)
N 2 2 A . T

where Hg (k] = [HE[k,O] Hg[k,l] Hg[k, Lc— 1]] ,Calkl =E ﬁLC[k]ﬁ}LIC[k] , and which

is equivalent to (4.12) if Lc = 1. Note that this equalization equation is not necessarily optimal

in the ML sense, rather it is similar to the LS solution for the channel, and its performance

depends strongly on the structure of the channel.

4.1.1 Separation of Timing Impairments

Based on (4.13), the goal is now to try to separate the different matrices contained in Hg[k]
and Cg[k], in order to simplify the equalization. Consider the general notation with

Hg (k] = Hpy[K] - @py (K] - HK] - @7y [k] - Hry [K] (4.14)
Calk] = Hpy[k]-N-HE, [k], (4.15)

omitting the lengths and oversampling notation for clarity, compare to section 2.5.7. Recall
that the total length of the impulse response from the components is L¢ = Lrx + L+ L1x — 2.
Suppose further that the transmit and receive filter influences are invertible with finite-length
filters, i.e., the inverses HE; [k] and Hf_{; [k] exist®. Then, substituting the above into (4.13) gives

k) = (HE (k)@ (kIH k] - N1 - HK] @y [k Hpy [k])

(4.16)
CH K@ [KTH" [kl @, [KIN~"HE} [k] - ;K]
— — -1 _ .
~Hp[k]- @ [k]-  (H'H) H" @ (k] -Hg[kl-¥; (K], (4.17)
N———
Standard Zero-Forcing
MIMO Equalizer

using the fact that ®@.[k] is a diagonal matrix of complex exponentials with the properties
® k] = ®"[k] = ®*[k] and ®.[k] - ®"[k] = I. The second approximation can be made if
the noise power is equal in all receivers and if the channel is time invariant, i.e., negligible
movement during transmission, and if the variation due to receiver SFOs, refer to section 2.5.3,
is sufficiently compensated by the first applied filter HI‘{; [k].

From (4.17), a couple observations can be made. First, it is possible to separate the timing
impairments from the standard MIMO equalization, i.e., the middle part of (4.17), by compen-
sating the effects consecutively in the reverse order that they occur®. Furthermore, in order

4These filters inherently contain interpolation structures, see [4, 25, which are necessary to compensate the ISI
due to the SFOs.

5In practice, refer to section 2.4, the phase change due to CFOs and SFOs is often very small from sample to
sample, and can be assumed approximately constant over many samples. In such cases, it is possible to exchange
SFO and CFO compensation before/after the standard MIMO equalizer.
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Rx SFOs Rx CFOs Tx CFOs Tx SFOs
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Figure 4.1: Basic equalization setup, compensating multiple timing impairments and a time-
invariant frequency-selective MIMO channel.

to compensate the SFOs properly, the complete equalizer needs to work on an oversampled
signal and down sampling to symbol rate is only possible after the final stage of the equalizer
has compensated the Tx SFOs. Finally, in terms of complexity, it can be seen that all timing
impairments can be compensated in parallel, refer to the equalizer diagram in Figure 4.1,
meaning that it is not required to update the full equalization matrix at every time step k, as
suggested in (4.13). Instead, it is sufficient to update the estimates and corresponding filters
that are associated with the timing impairments. The structure can be further simplified,
when joint processes are considered at the transmitter or receiver side, as will be seen in the
next sections.

4.1.2 A More General Equalizer Structure

Before dealing with more specific instances of the equalizer, a more general equalization
structure will be introduced that can improve the equalization performance. In the previous
sections, suboptimal receivers that rely on Lg received samples to estimate the transmitted
symbols x[k] were discussed. It is known from the literature that the estimate of the symbols at
time k can be improved by including knowledge about already processed symbols. Accordingly,
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an equalizer can be written more generally [75, 100, 101] as

X[k] = Wg[k] -YLF[]C] —Wglk] -)V(LB [k-1] (4.18)
Vi, [kl
- v , 4.1
‘WF[k] WB[k]]J %y, (k- 1]] (4.19)

We k]

where Wr[k] and Wg[k] are time-varying feedforward and feedback filters of length Lp and
Lg, respectively. The vector X7, [k — 1] contains the Ly previous symbol decisions based on the
previously estimated symbol vectors, where X[k] = dec (X[k]). These structures are known as
DFEs. Compared to (4.12), it is seen that the feedforward part should be equivalent to the first
N rows of that equalization matrix given that Lr = L. Selecting the lengths Ly and Lg in the
best way depends on the exact structure of the channel, and how reliable the decisions on the
transmitted symbols are. An example, where such an equalizer can achieve almost optimal
performance, is a strong LoS MIMO channel without timing impairments, by using Lg = 1,
corresponding to the inverse of the LoS tap, and Lg = L¢ — 1, corresponding to subtraction of
the ISI due to previously transmitted symbols, see [102].

4.2 Equalizers for Different System Configurations

Equation (4.19) gives a general equalization equation for any time-varying MIMO system in
colored noise, given i.u.d. data symbols. Computing this equation for every set of samples
seems daunting, especially due to the fact that the equalization matrix W [k] needs to be
updated for every time step k. However, it was seen in the previous sections that for Lg = 0 and
equal noise variance in all receivers, the timing impairment compensation can be separated
from the standard MIMO equalization. In the following, simplified equalizers for different
MIMO configurations, experiencing the different timing impairments, will be presented. It
was previously mentioned that in the presence of timing impairments, symbol-spaced signal
processing can only achieve suboptimal results. Nevertheless, this type of signal model will be
used to begin with in order to have a reference to results from the literature.

4.2.1 Synchronized Symbol-Spaced Equalizer

Consider the case where the timing impairments are negligible, e.g., they have been adequately
compensated prior to equalization, and no oversampling is present (Q = 1), e.g., the signal has
been decimated to symbol rate prior to equalization. This case is well covered in the literature
[27, 28,101, 102, 103, 104, 105]. Only the feedforward type (Lg = 0) from equation (4.13) will
be mentioned, given as

%(k] = (AlC; ' Hc) " HEC,! i, [k (4.20)
A prran—1 A .
~ Ay - (A"H) A" Ay -y, (k] .21)
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which is time invariant, and where the middle part of the second equation could be replaced
by any MIMO equalizer as before. The filter contained in H;.! and Hy! can be applied to each
stream in parallel, see section 4.1.1, and the latter one is also commonly known as a whitening
filter.

4.2.2 Symbol-Spaced Equalizer Containing Only CFOs

Assume the case where only CFOs exist and no oversampling is used. The general case with
multiple CFOs has been considered to some extent in the literature [67, 68, 106]. From (4.17),
we get in the general case

K[k) ~ Bpl - ol (AA) T AT o (k- ARy, (K, (4.22)

where, as above, the central part can be replaced by any MIMO equalizer. For the DFE of (4.19),
we can accordingly write

K[k ~ g - D3 (k] (W - B (k] - Hg -yi, [k] - W - @[] - Hiry X, [k-1]),  (4.23)
where the feedforward and feedback filters Wg and Wg are time invariant.

So far, the most general case where independent oscillators are used for the generation of
the carrier frequencies at Tx and Rx, i.e., oscillator setup 4, has been considered. In the
following, equalizers for other oscillator configurations that can occur in a MIMO system, see
section 2.4.1, will be presented. The focus will be on the feedforward type, the extension to
DFE follows from the above.

Independent on Tx and Shared on Rx

Let us start with the case where the carrier phase process is the same for all receiving front ends,
i.e., setup 3. Equation (4.22) simplifies to

R[k] ~ AL @7 k] - (AFE) T AT O Ly (k] (4.24)
=B Ad k- (AFR) ARG -y, (K (4.25)
~ AD (k)AL (AA) T AT Ay K, (4.26)

with A®~1[k] = b7 [k] ei9mlkl = diag(el Prlkl-Prui k) pj@rclkl=GraalkD) o (@rclkl=GranlkD) pe-
ing a diagonal matrix that contains the compensation for the difference between the multiple
transmit, and the one receive carrier phase processes. The approximations in the preceding
equations can be made, given that the phase processes are approximately constant over the
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length of the combined impulse response Lc5.

Equation (4.26) shows that for a shared oscillator setup on the receiver side, we can employ
under the given assumptions a standard time-invariant MIMO equalizer and compensate the
effect due to the CFOs in parallel for each recovered transmitted stream after that equalizer. A
straightforward way of doing this is to use decision-directed (DD) phase tracking in form of a
digital PLL per recovered stream’, which was seen to perform optimally for this type of setup
in [55].

Shared on Tx and Independent on Rx

Consider the case where all transmitting front ends share the same carrier phase process, i.e.,
setup 3. It follows from (4.22) that

N 1 b T R N

(k] ~ Ay - e /oM (AA) T AT OF (k1 AR} -y, (k] 4.27)
L Atran—1 A " .

=Hygy - (A7) A7 A" k] - Hig) -y, (k] (4.28)

~ A - () T AT AGT [k -y, (K], (4.29)

with A®H k] = e TP M DH k] =1}, ® diag(e/ Pt M-Ik | i @rankl-rlkD) being a diago-
nal matrix containing the difference between one transmit, and multiple receive carrier phase
processes. The same reasoning for the approximations as in the previous section applies.

From (4.29), it is seen that in order to compensate the CFOs in systems with a shared oscillator
on the transmitter side, synchronization prior to MIMO equalization is required. Due to the
fact that the CFOs appear in this setup in parallel for each of the received streams we can, aside
from the techniques mentioned in chapter 3, also use blind techniques [3, 4, 5, 28] per received
stream in order to estimate the phase processes. One example is to use the well-known squarer
and digital PLL, e.g, described in [107], on each receive stream separately.

Shared on Tx and Shared on Rx

Finally, let us look at the case where one carrier phase process is shared among all Txs, and
where also one carrier phase process is shared among all Rxs, i.e., setup 2. The equalization

61t should be visible that the phase process matrices ®~![k] should be of larger dimensions than M or N due to
the frequency selectivity of the system. However, given the small changes of the phase processes from sample to
sample in practice, see section 2.4, the approximation is viable. Another way of looking at this physically is that the
CFOs should be low enough such that their shifting of the spectrum does not change the impulse response of the
filters significantly.

“It should be noted that standard SISO synchronization techniques, also the ones mentioned in the upcoming
sections, do seldom account for in-band interference that may be present in the received signal. In general,
the received MIMO signal contains several superimposed signals, i.e., in-band interference, prior to MIMO
equalization, and residual in-band interference, depending on the channel and equalizer, after MIMO equalization.
Nevertheless, this in-band interference can be approximately viewed as a higher modulation order signal, and
noise, respectively, meaning that most techniques are still usable to some extent.
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simplifies to

R[] ~ AL e iOnlkl L (HE) T A 0K Ly [ (4.30)
iAd N PNL & IPNENE BN P
= /00U L (i) T A ALy, K 4.31)
A AHA 1 A A1
=fg) - (AE) T AT e Ly [k, (4.32)

where /AP = o (drlkl=$nulk]) and using the same approximations as in the previous two
sections. Thus, it is seen that in the shared oscillator setup only a single phase process needs
to be compensated before or after standard MIMO equalization. Both techniques mentioned
in the previous two sections can be used in order to achieve this goal.

4.2.3 Symbol-Spaced Equalizer Containing Only SFOs

Assume the case where only SFOs exist and no oversampling is used. The general case with
multiple SFOs has not been explicitly investigated in the literature®. From (4.17) we get in the
general case

R1k) ~ Bl 1k - (AP 0) T AT AL ) -y, k) 4.33)
=Hyy [_(TbTx[k]] (A"

PN

n) At [«}Rx[kl] v, [k, (4.34)

where, as mentioned previously, the central part can be replaced by any MIMO equalizer. The
vectors ([)TX [k] and ([)Rx[k contain the estimated sampling phase processes of the N Txand M
Rx, refer also to section 2.5.3. The notation H [ ([)Tx[k]] and H; [([)Rx[k]],whrch will also
be used in the next sections, needs some further explanation. These two filters are still of finite
length, i.e., discrete, but they vary with time according to the sampling phase estimates (;)Tx[k]
and (;)Rx[k]. Hence, they correspond to the discrete-time versions of the filters, interpolated to
the mentioned sampling phases. For the DFE of (4.19) we get

%[k ~ A}

~ k)] (We - R [ @rel k1] -y, (k] — Wi - B [~ pre K1 S, [k - 11), (4:35)

where the feedforward and feedback filters Wg and Wy are, as in the CFO case, time invariant.
We will continue with the different oscillator setups for sampling frequency generation, similar
to the CFO section. Finally, as mentioned before, it is important to note that the effect of the
SFOs can only be reduced, and not be fully compensated, in a symbol-spaced framework, as
irrecoverable aliasing is generated in general in such a case.

8We could treat it as part of a general time-varying channel as in [75] and as will be done later on in this chapter.
Furthermore, [74] treats a variant of the problem.
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Independent on Tx and Shared on Rx

Consider the case, where the sampling frequencies of all receiving front ends is derived from
the same phase process, i.e., setup 3. From (4.34), it follows that

&K) =~ A} [~ el | - (BHA) A BG) el K1 -y [K) (4.36)
A7) —&Tx[k]]«(HHﬂ)‘lﬂH-(ﬁ};i *sinc[n-(l—LRX/2+gBRX[k])])«yLF[k] (4.37)
= (A} [~ el wsine |- (1= Lre/2-+ el k1) |) - (A70) T A Bt -y, (K] (4.38)

=0y} [Adik)|- (A7) AT Ay, K, (4.39)

with some abuse of notation, assuming that the channel is approximately constant over the
sampling frequency change of the receivers, confer also section 2.5.3, and with the combined

B s 2 2 2 4 4 T
phase process AIk] = | due k]~ o1kl drelk] ~drealk] - brelk] = r 1]

From (4.39), it is seen that the time-varying ISI due to the SFOs can, in such a setup under
the given assumptions, be compensated by parallel time-varying filters after standard MIMO
equalization. Thus, it is feasible to use standard interpolation filters [4, 25] in parallel, to
compensate the combined SFO effect for each recovered transmitted stream. Additionally,
given an oversampled signal, we can, aside from the methods mentioned in chapter 3, use
standard SFO estimation techniques for SISO systems from the literature [3, 4, 5, 28, 71].

Shared on Tx and Independent on Rx

Assume setup 3, where all transmitters experience the same sampling phase process. Equa-
tion (4.34) yields

X1k ~ H7) [~ nali | - () B! [kl -y LK) (4.40)

(
:(HTX*smc[ (—LTXIZ—(/)TX[IC])])«(HHH) HH'ﬂﬁi[(;)RX[k]]~yLF[k] (4.41)

~ gl () T Al ~(ﬂ};;[&Rx[k]]*sinc[n-(l—LTxlz—c/?Tx[k])])-yLF[k] (4.42)

-1 A

= Al (ATR) AT (ALK -y, Lk, (4.43)

2 s 2 2 B 2 2 T
with AGIK] = |1 (K] = e k] rea[k) = Grolk] - s nalk] = bkl | -

Compared to the case above, (4.43) shows that the SFOs can be compensated by parallel time-
varying filters prior to standard MIMO equalization in this oscillator setup. Furthermore, in the
oversampled case, we can use well-known blind SFO estimation techniques [3, 4, 5, 28, 107],
e.g., squaring of the signal, in parallel for each received stream.
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Shared on Tx and Shared on Rx

Finally, consider setup 2, where all transmitters experience the same sampling phase process,
and all receivers experience the same sampling phase process, respectively. From (4.34)

£1k1 ~ gy | ~gralkl| - (AUA) A7l |tk -y, 1K) (4.44)
= Hpy - (A7) A7 A | ALk -y, K (4.45)
=By} (At |- (A1) BBy, K, (4.46)

where the combined phase process is Acz)[k] = (Z)Rx (k] —(Z)Tx[k], and using the same assumptions
as above. Thus, all of the techniques mentioned above are feasible.

4.2.4 Oversampled Equalizer Containing CFOs and SFOs

Consider the case where both timing impairments, i.e., CFO and SFO, are present, and where
the received signal is oversampled Q times. Only the cases, where the oscillator setup is the
same for carrier and sampling frequency generation, because they are synonymous with
independent transmitters or receivers, e.g., multiple users in a spatial division access scheme
where sharing of a reference is cumbersome, will be presented here. Likewise, if a reference is
already shared for carrier or sampling frequency generation, it may also be used for generation
of the other one, confer the last part of section 2.4. Nevertheless, equalizers for mixed setups
can be obtained in a similar way as the results from the previous and following sections.

Equalization for the general case with multiple CFOs and SFOs has not been explicitly treated
in the literature®. From (4.17), we have

Kk ~ ;) [~ pradk)] - @7! (k1 - (APR) BT OF 1K B! [l |-y 1K1, 44D)

again omitting the oversampled notation on the matrices. In comparison to the symbol-
spaced case, the central part can be replaced by any fractionally-spaced MIMO equalizer. For
the more general DFE of (4.19), we can write accordingly

K1) = FI! [~ orlkl |- DT k1 - (W DI, 1K1 FI! el k1| -7, 1K)
X (4.48)
~ W (k] |~ sk | R, [k - 11),

where the feedforward and feedback filters Wr and Wg are time invariant, as in the symbol-
spaced cases, but in contrast to these cases the filters now need to be fractionally spaced.
From these equalization equations, it is seen that the complete equalization structure needs
to be fractionally spaced in order to properly compensate the SFOs. In particular, the Tx SFOs
create signals with slightly different bandwidths, meaning that whenever the received signal is

9With the exception of [74, 75], which treat a specific version of the problem.
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downsampled to symbol rate prior to separation with the MIMO equalizer, it is very likely that
some of the superimposed signals generate irreversible aliasing. In the following, different
oscillator setups, based on (4.47), will be looked at, and the cases where part of the equalizer
can be symbol spaced will be discussed.

Independent on Tx and Shared on Rx

Consider setup 3, where a phase process is shared for the generation of the carrier and
sampling frequencies, respectively, on the receiver side. From (4.47) we get

&1k = A} [~drlkl| - @3l 1k - (AA) A I B k] 1 (4.49)
~Hyy [AJ)[k]] AG K] (ATA) AT R (K] (4.50)
~AD~'[k]-Hpy A&)[k]] (AA) AT Ay (K, (4.51)

with A® (k] and A(})[k] being defined as in the previous sections investigating this oscillator
setup, and using the same assumptions as in those sections. It is seen that any fractionally-
spaced time-invariant MIMO equalizer should be used first in order to recover the different
transmitted streams. After separating them, the timing impairments can be compensated in
parallel for each stream, similar to independent SISO systems, with the techniques mentioned
previously. Downsampling to symbol rate is possible prior to CFO compensation.

Shared on Tx and Independent on Rx

Assume the case, where a phase process is shared for the generation of the carrier and sampling
frequencies, respectively, on the transmitter side, i.e., setup 3. Starting from (4.47) yields

N A < —id AT Aay—1 A 2 A
(k] ~ Ay, [—¢Tx[k1] e iPnikl (R T AL GH [k )

Pralkl| Vi 1 452
~ B! (A1) AT AGY (k) HIR) ALk | -y, K, (4.53)

where A®" k] and A(;)[k] are defined as in the previous sections investigating this oscillator
setup, and employing the same assumptions as in those sections. For this setup, the timing
impairments can thus be compensated prior to MIMO equalization in parallel for each of the
received streams. Since the SFOs are compensated by this first set of parallel filters, the signal
can be downsampled to symbol rate and the rest of the equalization can be carried out on a

symbol-spaced level without loss of performance!°.

10This assumes perfect knowledge about the sampling phase processes. When the sampling phase processes are
estimated, there will be estimation errors leading to irreversible aliasing if the rest of the processing is carried out
on a symbol-spaced level.
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Shared on Tx and shared on Rx

Finally, consider the case where a phase process is shared for the generation of the carrier
and sampling frequencies on the transmitter and receiver side, respectively, i.e., setup 2.
Equation (4.47) yields

R[k] = If[i} [—JbTx[k]] .e_j(yBTx[k] . (I:IH - )—1 . ef(fJRx[k] 'I:I[_{i [(lng[k]] 'ch[k] (4.54)
~ ﬁ;}} [A(f)[k]] .equ?)[k] . (I:IHI:I)_l I:IH'I:I}_{; _ch[k] (4.55)

with A¢[k] and AgB[k] being defined as in the previous sections investigating this oscillator
setup, and using the same assumptions as in those sections. The signal can be downsampled
to symbol rate after the SFO has been compensated, e.g., before CFO compensation and
MIMO equalization.

4.3 Adaptive Equalization

So far, it was shown in this chapter that the timing impairment compensation can be separated
from standard MIMO equalization, and that simplifications can be made depending on the
oscillator setup. Another approach is to use adaptive filters in order to adjust the full time-
varying MIMO equalizer, irrespective of the actual system configuration'!. It was seen in the
previous chapter in section 3.4 that adaptive filters are able to track general time-varying
MIMO channels, which required knowledge about the transmitted symbols. In the current
chapter, it was described that the equalizer generally needs to be time varying, i.e., needs to
change for every set of received samples that correspond to a transmitted symbol, in order
to remove the effects due to the timing impairments. It is possible to use an adaptive filter
to replace the previous equalizer, which was fed by one-shot estimates of the parameters,
and adopt it based on an error signal that is available in the receiver'?. One of the simplest
instances of this approach can be seen in Figure 4.2, where a hard decision'® on the equalized
symbols is used in order to derive the error signal [28], i.e., it is a decision-directed (DD)
approach.

The equalization filter can take any of the forms that have been discussed so far in this chapter.
The general equations for adaptive equalization using a feedforward and a feedback part
based on the LMS algorithm can be written as follows. The estimates of the symbols are given

1 Adaptive filters could also be modified to compensate the effects separately depending on the oscillator setup.
This concept will not be pursued further in this work.

120nly the symbol updated versions of the adaptive algorithm will be presented, as they should yield the best
tracking performance.

13Decoding could be included to increase the reliability of the decisions, but introduces additional delay.
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Adaptive Equalizer
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XL, (LIl 1X[K] X[k]
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Figure 4.2: Basic working principle of adaptive equalization, i.e., adapting the equalizer W¢[k]
based on the observed error signal e[k], which contains the difference between the estimated
signal X[k] from the equalizer output, and the decided values X[k] of those estimated symbols.

from (4.19) as

N Vi.lkl
X[kl =Wglk]| ™ . (4.57)
&g, lk-1)
[ S —
Ve i [K]
The update of the equalization matrix W k] is given as
Welk+1] =Welkl - u-elklyg ; [k, (4.58)

where, as in the estimation part of section 3.4, selecting the step size p and the initialization of
the equalization filter W [0] is important in order to ensure convergence and good tracking
performance. Especially initialization is important in order for the DD approach to work. The
error signal is defined by

e[k] = x[k] —x[k], (4.59)

with X[k] being the decision based on the estimate X[k]. The equations (4.57), (4.58), and
(4.59) are the only things that need to be implemented for a DD time-varying adaptive MIMO
equalizer, dealing with all channel impairments, based on the LMS algorithm.

4.3.1 Significant Statistics for Equalization Based on LMS

From the previous chapter exploring the channel estimation case, it is known that the conver-
gence behavior and tracking performance of adaptive filters depends on the statistics of the
filters input signal, in this case y¢ ;.. [k]. The correlation matrix of this signal is defined by

Cye,, [K1=E [Yc,LF,B kIyg ;. [k]] (4.60)
Gy, [kl Gy, x,, [kll

4.61
Cioyyr, 1K C,y 1K) (4.61)
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Section 3.4.1 of the previous chapter showed that

Cy,, 1K1 =E |y, [kIy} 1] (4.62)
=He[kl - Cx,, [k]-HE [k] + Cal[k] (4.63)
~ 0%, He[KIHE (k] + 0%, -He gy [KTHE (K], (4.64)

Furthermore, assuming properly working equalization, see also [101], we can state

C,, [K] = E | =51, [k = 1) (=5, [k = 11)'"| = €, 1K = G, (4.65)
= E [xp, [kIx]! 1] (4.66)
~ 0% Iny, (4.67)

meaning that the equalized output symbols are uncorrelated across time and space. Finally,
using the same assumption, the cross terms are defined by

G0, 1K) = B[y, 1K) (%2, [k = 11)"| = = E [y, i}, [k - 1] (4.68)
= =B [ [ (kIXt 11 1] + Ay (k] (6= 1] (4.69)
ONxNLg
= —Hg(kl] Cx,, [K] = ngn (k] (4.70)
ON(Lp+Lc—Ly—2)x NLg
ONxNLy
~ o Helk] Ing, ) (4.71)

ON(Lp+Le—Lz—2)xNLg

In order to determine suitable values for the step size y, the significant eigenvalues of the
composite correlation matrix CYCZF,B [k], and the time variations in the statistics, need to
be investigated. In the following, the convergence and tracking characteristics of adaptive
equalizers based on the LMS principle will be considered, and it is discussed how to select p.

4.3.2 Convergence Behavior of LMS-Based Equalization

There are two approaches to deal with convergence for the equalization case. First, it can be
assumed that a good channel estimate ﬁc [k] is available during initialization of the equalizer,
e.g., by employing the techniques of chapter 3. From this estimate, the equalizer coefficients
for the feedforward and feedback filters can be computed see, e.g., [100, 101, 102]. Assuming
that there are no significant variations in the channel, or, if that is the case that the filter is
reinitialized with a new channel estimate, we only need to worry about the tracking behavior,
which will be described in the next section.

The other approach assumes that no initial channel knowledge is available, i.e., Wx[0] =
Onx(vip+NLy)» Such that the equalizer needs to be trained from scratch. In this case, train-
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4.3. Adaptive Equalization

ing signals, as discussed in the estimation chapter, are required in order for the equalizer to
converge to the proper solution. It is also assumed that the channel is approximately time in-
variant, see appendix A.2, during the convergence process. First, consider the simpler case
of just using a feedforward equalizer, i.e., Lg = 0, for which the correlation matrix reduces to
CYLF [k]. In this case, the significant eigenvalues of the correlation matrix of a Q-fold oversam-
pled MIMO signal need to be determined. It was discussed in section 3.4.5 that the eigenvalues
of such a correlation matrix depend on the spectra of the received signals, as well as their cor-
relations, see also [24] for the equalization case. Corresponding to section 3.4.5, and assuming
linear channels, there will be approximately M - L—QF - (1 + Br) significant eigenvalues'*, where
Pr is the roll-off of the transmit pulse-shaping filter. If the MIMO channels are uncorrelated
(or orthogonal) and flat, as in perfectly designed pure LoS MIMO systems, the eigenvalues
are approximately equivalent, and the results of section 3.4.3 with the correlation matrix from
(4.64) are directly applicable. In particular, the solutions

1 4 1
gy=—————Oorj=————,
2, Ly 3 52 .apLe
5, (M o”) 05, M3

2
Tim
the average received power at the mth antenna. Going back to an equalizer containing both

ensure convergence with low steady-state noise for small f1'°, with 05 =No% +07 being
feedforward and feedback filters, the number of significant eigenvalues is approximately the
same, i.e., M- % -(1+ Br). However, N Lg of the eigenvalues increase in value to approximately
(N+1)o% +Fof |

(3.106) using these eigenvalues, depending on Lg. Two solutions for u, which have slightly

compared to N ‘7?@1 + 0% in the previous case. It is possible to reevaluate
m

slower convergence speed, but should ensure convergence and low steady-state noise in
almost all scenarios, will be given. They are
1

202 (M +1)

1
2,
Zay.m M

W

H: 01‘”:

Q5

meaning that p is half as large as in the previous case. Note that the preceding discussion
only holds when M- Lg > N - Lg. When N - Lg = M - L as, for example, used for the equalizer
proposed in [102], the term M L—QF in the last two equations should be replaced with NLg + 1.

When the MIMO channels are frequency selective and not orthogonal, u generally needs
to be smaller than these suggested values [24], which also increases the convergence time.
Since the eigenvalues depend in such cases on the exact channel characteristics, see (4.64),
no further recommendations for selecting p will be given. It should be noted that different
methods have been proposed in the literature in order to reduce the impact of correlated

14Note that the probability of a large eigenvalue spread is much higher for the equalization case, and they may
influence the convergence speed of the adaptive equalizer significantly. This property will not be discussed here,
where the focus is on the steady-state error performance. Furthermore, depending on the filter shape on the
receiver side, there may exist more significant values for very low SNR environments. Such scenarios will also not
be discussed here.

15For more conservative choices, we may substitute M %F in the equations with M L—QF [1+pr] or M %F -2.
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4.3. Adaptive Equalization

inputs on convergence, see for example the affine projection algorithm mentioned in [76].
Furthermore, for practical implementations one has to consider the impact of finite-resolution
computations and other robustness-reducing factors, as briefly mentioned in section 3.4.2.

4.3.3 Tracking Behavior of LMS-Based Equalization

Assuming the equalizer coefficients have converged, i.e., the MIMO system is properly equal-
ized such that most of the symbol decisions are correct, it needs to be investigated how the
adaptive filter generates the changes in the equalizer coefficients, which are necessary due
to the timing impairments. As discussed in the previous chapter, and also visible from (4.64)
and (4.71), the correlation matrices CS’LR and CS’LRXLT generally vary with time because of the
CFOs and SFOs. For the equalization case, it first needs to be checked whether the timing
impairments do change the eigenvalues of the correlation matrix Cy, Lo [k] significantly.

For CFOs, it was seen in section 2.5.2 that their impact is row- and column-wise multiplication
with a complex phase shift that increases on average over time. Thus, they act as diagonal
matrices with unit-magnitude complex entries, which cannot change the correlation prop-
erties, in particular the eigenvalues, of the MIMO channel. This can also be seen from the
feedforward equalizer in Figure 4.1, which shows that the algorithm needs to adopt the phases
of the rows and columns of the equalizer according to the CFO processes, but where the
inherent phase and amplitude structure, which determines the correlation across space and
time, is constant!®. For SFOs, the situation is slightly different, since sampling differences do
influence the eigenvalues to some extent. In general, the correlation in the spatial domain, i.e.,
how correlated the M - N MIMO channels are, is only negligibly influenced by changes in the
sampling phases. The temporal correlation on the other hand, is influenced by the sampling
phase variations. However, assuming reasonably flat transmit and receive filters, this change
in eigenvalues is small'” for oversampled systems. Thus, it was qualitatively established that
the timing impairments do not change the eigenvalue or correlation structure of the MIMO
channel significantly in most cases. However, they do create small variations, which need to
be tracked during equalization.

Asin the estimation case, discussed in section 3.4.4, the CFO and SFO influences will be treated
separately. It was discussed that CFOs correspond to small multiplicative phase variations,
while SFOs can be modeled as small additive variations. The tracking error that is generated
from each of them depends on the eigenvalues of the correlation matrix Cs"c, len [k], the level
of offset, and the step size y, in the same manner as in (3.124), (3.126), and (3.149). Since
the significant eigenvalues depend again on the exact channel characteristics, the flat and

16 Another way of phrasing this is that the CFOs do not change the spatial correlation and the power spectra of the
received signals, which are similar to the eigenvalues of the correlation matrix, see Example 7. As mentioned before,
this only holds for small CFOs, where the channel does not change significantly due to the shift in frequency.

17This can again be visualized in the frequency domain, where the spectra change according to variations of the
sampling phases, but most of the spectral characteristics (or significant eigenvalues) are constant. As for the CFO
case, this only holds for small sampling phase differences, where the change in bandwidth due to the sampling
does not significantly change the channel.
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orthogonal MIMO channel case will be discussed first. Then, the optimal choice for p in the
CFO impaired case, similar to the previous chapter, is given by

Hopt,cro = | 4- ——5— 1|, (4.72)

where A¢, .. is the highest normalized carrier frequency difference between all antennas.
Likewise, the solution under SFO impairments is

Hopt,SFO = (4.73)

with a being a value very close to one that describes the amount of sampling phase difference,
see the second part of section 3.4.4 and in particular (3.145). Note that these two are just an
estimate of the true optimum, even in the frequency-flat and orthogonal MIMO channel case.
This is because the roll-off B1 and the feedback filter generate unequal eigenvalues, for which
finding the true optimum is more complicated, see section 3.4.4. When both impairments
are present simultaneously, the solution becomes very complicated, see also the estimation
chapter. In such a case, it is suggested to use the higher of the two p,p solutions, in order to
be conservative such that the filter can always follow the faster of the two variations. When no
information about the level of the timing impairments and of the noise is available, we can use
the solutions from the previous section, assuming that CFOs and SFOs are reasonably small.

If the MIMO channel is not flat and orthogonal, u also generally needs to be lower than these
suggested values in this case. The reason is that the error due to steady-state noise, i.e., the
first term of the misadjustment in (3.125), increases with the change in eigenvalues, while
the second term is not affected by it for small p. Thus, the error due to steady-state noise
increases, while the error due to tracking lag stays the same. A smaller value for the step size
should, hence, be closer to the real optimum.

4.4 Simulation Results

This section will give some example results for adaptive equalization of LoS MIMO channels
with multiple timing impairments, under the same assumptions that were used in section 3.5.
In particular, M = N = 4 Rx/Tx antennas, and a channel with a Rician factor of Kz = 10dB
and length L¢ = 10, are considered. The non-line-of-sight (NLoS) taps are drawn from a
complex random Gaussian distribution'®. The equalization performance, specifically the
separation of the spatial streams, is influenced by the orthogonality of the LoS MIMO channel.
Hence, MIMO channels, which are not perfectly orthogonal, will also be considered to cover a
broader range of scenarios. The reason to focus only on adaptive equalization in this section

18gee section 3.5 for a more complete description of the simulation setup.
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is that it offers a relatively low-complexity way to deal with all channel impairments in a
simple configuration. Furthermore, MIMO equalization without timing impairments has been
extensively treated in the literature, e.g., [102, 103, 105], and adding the timing impairment
compensation to such an equalization can be done separately before and/or after it, see
section 4.2. The performance of such a structure then just depends on the quality of the
estimates of the channel and timing impairments [67]. As references, the same equalizers will
be used with perfect channel knowledge, i.e., no channel estimation error, without timing
impairments, and assuming no decision errors in the case of DFE. Modulation with 16-QAM
symbols will be used exclusively for the simulations.

The focus will be on the two specific equalization structures that were mentioned previously
in this chapter. The first one uses only a feedforward filter of length Lg, i.e., Lg = 0. The other
one is a decision feedback structure that has been shown to work well in LoS MIMO scenarios
[102]. It has the settings Lr = 1 and Lg = Lc— 1. The equalizers will be used directly, also during
the convergence phase, meaning that a certain number of training symbols are required
before unknown data can be transmitted. The convergence behavior of these structures will
be investigated first in the next section. In order to select the step sizes u for the adaptive
equalizers, it was seen in the previous sections that knowledge about the received power,
SNR, and sometimes the timing impairments is required. It is assumed that the former two
quantities are known perfectly, while only the order of magnitude of the latter is available. It is
assumed that 0% =~ N-0% .

4.4.1 Adaptive Equalization in the CFO Impaired Case

First, consider the case where the LoS MIMO system is only impaired by CFOs and, thus, a
symbol-spaced equalizer is sufficient, i.e., Q = 1. The convergence behavior of the adaptive
equalizers will be investigated first. For it, the transmitted symbols are assumed to be known
at the receiver, and suitable step sizes for the ideal LoS MIMO case can be given for the two
equalizers as

4 1 d 4 1
=—-——,an =—-.
HeE =23 M HDFE = 3 5

0% MLy 0% (NLg+1)’

see the discussion in section 4.3.2. Figure 4.3 contains the MSE of the convergence process,
averaged over 200 realizations, of the adaptive equalizers for some example parameters. LoS
MIMO taps with different condition numbers!? x (H[k, [ = 0]) were used to cover a broader
range of practical cases. The first plot shows the convergence properties for a pure, i.e.,
frequency flat with Lc = 1, LoS MIMO channel in order to gauge the impact of the orthogonality
of the channel. Both equalization structures are equivalent in this case, using Lg = 1 and Lg =0,
and ugpr was chosen as the basic step size for all scenarios. It is seen that this selection for
(1 yields in the ideal channel case, i.e., x (H[/ =0]) = 1, fast convergence and steady-state

19The definition of condition number and some measured values can be found in section 5.2 of the next chapter.
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Figure 4.3: Convergence MSE of adaptive channel equalization for a LoS MIMO system af-
fected by independent purely linearly-drifting carrier phase processes, i.e., O'éw = O'én =0,
with M = N = 4 antennas, assuming perfect knowledge about the transmitted symbols, and
using an oversampling factor of Q = 1. Step sizes u chosen according to the discussion in
section 4.3.2. Behavior for a pure (frequency-flat) LoS MIMO channel for two different SNRs
and two differently-conditioned channels (left). Behavior in a frequency-selective channel for

a SNR of 20 dB with different equalization structures (right).

noise similar to the SNR. For channels with higher condition numbers, convergence is slower
and the steady-state noise is increased, due to the non-orthogonal nature of the channel. As
conjectured in section 4.3.2, u needs to be smaller in such cases to achieve similar performance.
In particular, for this scenario using ppr/5 showed comparable error behavior.

For the frequency-selective case, i.e., Lc = 10 with Kgr = 10dB, convergence is generally slower
due to the increased length of the required equalization filters, as well as the additional
correlation that occurs due to the ISI over time. The length of the adaptive feedforward
equalizer is chosen as Lg = 3- L¢, and pgg/ Upre, as described above, are used for the respective
equalizer. Since the FF equalizer did not converge for this solution?®, ypp/2 was actually used
for the results shown in Figure 4.3. The results show that the DFE significantly outperforms
the FF structure, both in terms of convergence speed, mainly due to the shorter total length,
and in terms of steady-state error in such LoS channels. Note, however, that it is much more
susceptible to symbol decision errors, which can become critical during data transmission. It
is also important to mention that for shorter channels, i.e., lower Lc, the adaptive feedforward
equalizer can achieve similar steady-state error performance as the feedback equalizer, but

20Recall that ppp is a viable solution if the input signals are uncorrelated across time and space, as discussed
in section 4.3.2. Even if the LoS channel is orthogonal, the signals are at least correlated over time due to the
frequency-selective channel. On the other hand, as also discussed in section 4.3.2, uprg is a more conservative
estimate. In fact, for the parameters used here using 2 - upgg yields faster convergence with approximately the
same steady-state noise.
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Figure 4.4: SER of adaptive DFE for a LoS MIMO system affected by independent purely
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linearly-drifting carrier phase processes, i.e., 0, =05, =0, with M = N =4 antennas, using an

oversampling factor of Q = 1, and upgg. SER for a pure (frequency-flat) LoS MIMO channel for
different SNRs and two differently-conditioned channels (left). Equalization performance in a
frequency-selective channel for different CFO levels p,,, and the two differently-conditioned
channels (right). The dashed lines correspond to the SER of the equalizer in the same channel,
but with perfect channel knowledge and without timing impairments.

always requires a longer filter and more convergence time compared to the DFE. Furthermore,
as in the estimation case, the level of the CFOs does not impact the convergence properties
significantly.

Figure 4.4 shows the symbol error rate (SER), i.e., the probability of a symbol error after
adaptive equalization and hard decision, for the DFE in a frequency-flat and frequency-
selective channel, with differently-conditioned channels, and CFO levels y,,,. The focus is
only on DFE, as the convergence results already showed that the MSEs achieved by the FF
equalizer are not sufficient, even for high SNRs, to support a 16-QAM transmission in the
frequency-selective case?!. The step size is chosen as the upgg described above. The most
important feature of all results is the cliff-like behavior of the curves. This is explained by the
fact that there is a certain threshold SNR for which the symbol decisions during the tracking
phase are mostly correct, and where the adaptation of the equalizer relying on these decisions,
thus, starts to work properly. In these regions, the performance gap compared to a system
without timing impairments and having perfect channel knowledge is between 0.5 dB and
4 dB. Generally, higher CFOs lead to a larger gap, since the MSE of adaptive filters increase
with the CFO, as was seen in chapter 3.

2lEyen without timing impairments, the feedforward equalizer never delivered SERs below 107! for the consid-
ered cases.
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4.5 Summary & Main Results

In this chapter, the general derivation of MAP/ML data estimation was carried out, which yields
a highly complex detection scheme that scales exponentially with the size of the modulation
alphabet and the number of antennas. A simpler way to estimate the data is obtained by
linearly filtering the received samples. Due to the memory;, i.e., frequency selectivity, which is
present in most practical channels, this approach is not ML. In the general case, it was seen
that the equalizer needs to be updated at every time step and needs to be fractionally spaced,
in order to compensate the SFOs properly. Based on a linear feedforward equalizer, it was
shown that the timing impairment compensation can be separated from MIMO equalization,
even in the case of multiple independent phase processes at the transmitters and receivers.
It can be implemented with parallel time-varying filters and multiplications with complex
exponentials before and after equalization on each of the streams. A more general equalization
structure, allowing for feedback, e.g., to cancel interference across time from different streams,
was then introduced. It uses symbol decisions from previous time steps, and a channel
estimate, in order to remove their interference on the current symbols. For both equalization
structures, the influence of different system configurations was investigated, showing that
certain oscillator setups greatly simplify the equalization and synchronization process. In
some cases, standard SISO solutions, which are readily available in the literature, can be
applied directly and in parallel. For example, when the oscillator is shared on the receiver side,
time-invariant MIMO equalization should be performed first, and the timing impairments
can be compensated in parallel by, e.g., using DD PLLs for each stream.

Adaptive equalization, based on the symbol decisions of the estimated symbols, was intro-
duced as an alternative, in order to directly update the equalizer and deal with the timing
impairments, without the need for separate timing impairment estimation. It is closely related
to the adaptive filtering that was used for channel estimation and tracking in the previous
chapter. However, in contrast to it, its performance was shown to depend much more on the
channel characteristics, while also depending on the equalization structure. Some guidelines
on how to select the step size for adaptive equalization, during convergence and tracking
in different scenarios, were also proposed. Generally, ¢ needs to increase with the timing
impairments, while it needs to decrease with the increasing spatial and temporal correlation,
which may be experienced due to the channel. Simulation results show the applicability
of adaptive equalization in the CFO impaired case. It is seen that convergence is fast in a
frequency-flat case, and takes significantly longer in the frequency-selective case. Likewise,
a non orthogonal LoS MIMO tap increases convergence time. For the considered example
scenarios it is, furthermore, seen that the feedforward equalizer does not sufficiently com-
pensate the channel effects in frequency-selective scenarios to support 16-QAM transmission.
SER results for the adaptive decision feedback equalizer show good performance for medium
to low CFOs. The performance gap compared to a system without timing impairments and
perfect channel knowledge is between 0.5 dB and 4 dB, depending on the scenario. Thus, DD
adaptive equalization seems a viable low-complexity approach to compensate the interference
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due to the channel, as well as the timing impairments, in one single structure.
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Experimental Evaluation at 60 GHz

In this chapter, practical implementations of mmWave LoS MIMO systems, and practical tests
of some of the methods and ideas that have been presented in the previous chapters, will be
presented. The focus is on implementing an energy efficient LoS MIMO wireless backhaul link
that is able to provide a transmission rate of several Gbit/s [8].

5.1 Hardware Description and Setup

The experimental system setup® consists of two subsystems at transmitter and receiver, respec-
tively. The first one is the baseband signal generation/recording unit. The second one is the
front end, including the antenna. A sketch of the system layout can be seen in Figure 5.1. Since
the main focus of this chapter is a proof of concept of the developed ideas, rather than a real
time implementation, all baseband processing is carried out offline. Thus, subsystem one con-
sists of arbitrary waveform generators (AWGs) at the transmitters and real-time oscilloscopes
(RTOs) at the receivers. An AWG can create an arbitrary waveform or signal within its specified
parameter range, i.e., certain fixed nominal sampling rates 1/ Tnom,TXZ, analog bandwidth, and
amplitude resolution. The RTO samples the output of the front end on the receiver side and
saves it to memory, according to certain fixed nominal sampling rates 1/ Tj,om rx, analog band-
width, and amplitude resolution. Another important parameter for MIMO systems are the
number of inputs and outputs of each instrument, if the full system should be characterized at
the same time. If multiple instruments have to be combined in order to have sufficient inputs
or outputs, we have to take care of synchronization or will experience the effects mentioned in
chapter 2. Finally, the memory of the instrument defines, in combination with the sampling
rate, the maximum length of the generated signal or recording length of one acquisition. A

1The hardware and setup was provided and assembled as part of a cooperation between the Chair for Wire-
less Broadband Communication Systems at HU Berlin, the System Design Department at IHP Frankfurt (Oder),
and the Chair of Communication Systems at UniBw Munich, within the DFG funded project "maximumMIMO",
part of the SPP 1655 "Wireless Ultra High Data Rate Communication for Mobile Internet Access".

ZNote that even though one sets a nominal value, these measurement instruments also sample according to
some phase process characterized by their LO. Thus, the same effects that were described in earlier chapters can
also be observed here, if the sampling devices are not synchronized, e.g., by using a shared reference.
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Figure 5.1: Basic system configuration used for the measurements, consisting of baseband
signal generation and recording, using AWGs and RTOs, and Tx/Rx front ends with antennas.

summary of the different instruments that were used can be found in Table 5.13.

Table 5.1: Overview of measurement instruments with their characteristic parameters, which
were used for baseband signal generation and recording in the different system setups.

Parameter AWG 1 AWG 2 RTO 1 RTO 2

max. 1/ Thom,Tx/Rx 12GSa/s 65GSa/s | 20GSa/s 40GSa/s
max. Bandwidth 5GHz 25GHz 4GHz 4GHz

Resolution in ENOB 7.8 4.8 7.0 6.8
Memory 2GSa 8GSa 20MSa  128MSa
Out-/Inputs 2 8 4 4

Different types of transceiver front ends were available for the overall implementation of
the system, all operating in the 60 GHz range with at least 1 GHz of bandwidth. Table 5.2
summarizes the most important properties of the front ends (FEs). Critical parameters for a
mmWave MIMO backhaul system are the antenna gain, in order to focus the transmitted power
towards the intended receiver, the amount of phase noise, so that the signal is not strongly
impaired by it, and the possibility of supplying an external reference clock, for synchronizing
the different transceivers. If synchronization is not possible, or intentionally not used, it was
seen in the previous chapters that the system can still be synchronized based on the collected
output samples.

5.2 Investigation of LoS MIMO Spatial Multiplexing

In this section, the spatial-multiplexing capabilities of LoS MIMO, which have been described
in section 2.2, will be explored at 60 GHz. It was seen that the geometric arrangement of
the antennas determines the spatial degrees of freedom. In order to measure this, multiple
FE 1, see Table 5.2, were used in a one-dimensional MIMO configuration, with M = N =2
and M = N = 3, and installed on an adjustable mount using different antenna spacings
drx,1 = dpx,1 = d, which are equidistant between antennas and equal on the Tx and Rx side, see
Figure 5.2 for an example receiver setup. Furthermore, different link distances R were used.

3The values noted here are at the maximum sampling rate. The sampling rate can also be chosen lower, which
improves, e.g., the resolution and the maximum acquisition time.
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Table 5.2: Comparison of the different front ends with their characteristic parameters, which
were used in the different system setups.

Parameter FE1 FE 2 FE 3
Frequency Range 57GHz-64GHz 57GHz-64GHz 57 GHz-64 GHz
RF Bandwidth 1.8GHz 1.25GHz 1.8GHz
Tx Power, 1 dB Compr. 11dBm 11.5dBm 15dBm
Tx/Rx Antenna Gain 7.5dBi 23dBi 23dBi
Rx Noise Figure 7dB 8dB 8dB
Phase Noise @1 MHz -86 dBc/Hz -104dBc/Hz -93dBc/Hz
External Ref. Clock yes no yes
Number Available 3Tx, 3Rx 2Tx, 2 Rx 4Tx, 4 Rx

Figure 5.2: Receiver of an M = N =2 LoS MIMO setup, showing two front end 1 modules, and
oscilloscope 1 for recording the received baseband signals.

The estimation of the MIMO channel was performed using the correlation technique, with
uncorrelated training sequences between different transmitters, as described in chapter 3, see
also [108] for further details. Since FE 1 does not provide a lot of antenna gain, long training
sequences were used for the larger distances, i.e., larger than 20 m, to yield enough correlation
gain overcoming the path loss.

For this section, the focus is on the estimate of the LoS MIMO channel coefficients, i.e.,
Hclk, Ic = 0] = Hc[k,0] = [flc,l [k,0] hclk,0] he vk, 0]]T, and all other coefficients
that may be present are neglected. To check the multiplexing capabilities of the matrix, the
condition number is used, which is defined by

O max (ﬁC [k, 0])

— (6.1
O min (HC[k, 0])

x (Hclk,01) =

where o0 max(-) and omin (+) are the largest and smallest singular values of a matrix, respectively.
The condition number is one when the matrix is orthogonal, i.e., there are min(M, N) spatial
degrees of freedom, which corresponds to the best-case channel. It is infinity when the
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Figure 5.3: Condition number of the LoS MIMO channel tap at different link distances: (a)
Changes when moving transmitter 2 by Ad, increasing antenna spacing drx 1; (b) CDF of all
distances, grouped into setups with best-case dg, worst-case dy, and fixed at 0.5 m dj 5m,
antenna spacings.

columns of the matrix are fully dependent, i.e., there is one spatial degree of freedom and
no spatial multiplexing is possible, which is the worst-case channel in terms of multiplexing.
We are here mainly interested in the phase relations of Hc[k, 0] and their dependence on the
geometric arrangement of the antennas, see section 2.2. However, the general estimate also
includes the magnitude values of the channel coefficients, which can be different and thereby
influence the condition number. To remove that dependence the following normalized matrix
is also used in the results

. hc,mnlk, 0]
(HC,norm[k; m)mn = _mn (5.2)

|}A1C,mn[k,0]| .
A final note about the time dependence is in order. Although the channel estimate changes
over time, even for a fixed setup and stable channel, due to the timing impairments, the impact
of that effect on the condition number is rather small. To gain higher estimation accuracy,
multiple condition number estimates of a certain setup were averaged w.r.t. time, using at
least 400 realizations per spacing.

First, the assumed spherical wave propagation, and the corresponding geometric dependence
of the LoS MIMO tap, were tested. For the results in Figure 5.3a, a fixed M = N = 2 setup with
a link distance of R = 1.993m and an initial antenna spacing of drx1 = drx,1 = 0.180m was
used. Then, the spacing on the transmitter side was increased by Ad w.r.t. its initial position,
ie., di® = drx 1 + Ad # dgx,1, and the change in the condition number of the estimated LoS

Tx,1
channel was observed. It can be seen that it follows the theory, when considering spherical
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Figure 5.4: Measured condition number of the LoS MIMO channel tap at fixed distances, for
different antenna spacings d, and for different numbers of antennas.

propagation of the waves, i.e., the channel to be given by (2.12). For Figure 5.3b, the cumu-
lative distribution function (CDF) for the condition number of the LoS tap over a number of
measured distances was computed. The system was deliberately set up, for each distance,
with three different antenna spacing types. The first one is denoted by dg, where, for example,
equation (2.20) was used to derive the optimal* antenna spacing that yields the best-case

channel for every distance. The term dy denotes spacings, which theoretically yield k — oo, in

other words the worst-case channel for each distance. Finally, dy 5, is a fixed spacing of 0.5 m

at Tx and Rx that was used irrespective of the change of link distance R. The curves show that

if the optimal spacings can be fulfilled, very low condition numbers (x < 2) can be achieved,
yielding good spatial-multiplexing gain. On the other hand, with the worst-case spacings, the

condition number is one order of magnitude higher, while the fixed 0.5 m setup yields a x

between the two extremes.

Figure 5.4 gives two example measurements foran M = N =2 and M = N = 3 setup at a fixed
distance, where the antenna spacing types described above were used. The figures show that
there are multiple optimal spacings, and that the measurements coincide with the theoretical
prediction. There is greater variation in the M = N = 3 case, because the system becomes
more sensitive to small errors in the setup, e.g., small antenna spacing differences and other
misalignments, with an increasing number of antennas.

4As noted in section 2.2, there are multiple optimal spacings for each link distance.
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Figure 5.5: Three example measurement scenarios. Left: outdoor M = N = 2 scenario, FE 1, link
distance between 10 m and 60 m. Center: indoor short-range backhaul M = N =2 scenario,
FE 1, distance of 15 m. Right: anechoic chamber M = N = 3 scenario, FE 2, distance of 5 m.

5.3 Statistical Properties of LoS MIMO for Backhaul-Like Scenarios

In the previous section, the spatial-multiplexing properties, in particular the required spherical
wave propagation, of LoS MIMO in backhaul-like scenarios were established. In order to
design a complete wireless communication system, other channel properties, like relative
importance and amount of multi-path components, are also of interest. The following results
were obtained using FEs 1 and 2, see Table 5.2, with M = N =2 and M = N = 3 antennas, in
15 different setups, and with at least 40 snapshots per setup. Some example setups can be
found in Figure 5.5. It includes spacings generating differently-conditioned channels, and link
distances between 5 m and 60 m. All results are normalized w.r.t. the average LoS tap power of
the corresponding setup, see [53] for further details.

Figure 5.6 contains the magnitude and phase distributions of the LoS and NLoS taps computed
from the channel estimates of the different setups. It is seen that the NLoS taps are significantly
reduced in power, with the average relative value w.r.t. the LoS taps being -11.2 dB, and that
their phases are approximately uniformly distributed. The variations in the magnitude of the
LoS components are due to the shape of the antenna patterns. For example, using FE 2 with
its highly directive antennas, only the bore-sight channel entries have approximately the same
gain. This effect is further enhanced by the fact that the systems were set up by hand, as was
also observed in [109].

In Figure 5.7, the superposition of 75 consecutive channel impulse response estimates of
an example recording of an M = N =2 LoS MIMO setup with FE 2 in an anechoic chamber
with a link distance of 5 m, and with a symbol duration of T = 0.8 ns, is shown. For the plot,
an estimate is formed roughly every 0.8 s, yielding a complete snapshot length of 60 us (or
7.5-10% symbols). Aside from some small variations, the channel appears stable in terms of
magnitude over this time frame, especially concerning the most significant taps. Since the
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Figure 5.6: Measured magnitude and phase distributions of LoS and NLoS taps of 15 different
measurement setups, each with 40 recordings, with differently-conditioned LoS MIMO taps,
M=N=2and M=N=3,FE1&FE 2, and frequency offsets removed. The power variation
due to different distances has been removed by normalizing the power w.r.t. the average LoS
power for each distance.
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Figure 5.7: Superposition of 75 consecutive channel impulse response estimates of an example
recording of an M = N = 2 LoS MIMO setup with FE 2 in an anechoic chamber. The sampling
interval on the receiver side is Thom,rx = 0.2 s, the symbol duration is Ts = 0.8ns, and the link
distance is 5m. The power has been normalized w.r.t. the average LoS tap power across all

antennas.

environment for this measurement was an anechoic chamber, almost no reflections ought
to come from the environment. However, multiple taps, especially close to the LoS taps, are
visible. It is conjectured that they come from the imperfections in the front ends, as was
also mentioned in [7, 9, 109]. In fact, by inspecting the plots in the columns of Figure 5.7, it
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Figure 5.8: Example measurement of the channel phases for three different MIMO oscillator
setups for carrier frequency generation in an anechoic chamber, using FE1, M = N =2, and a
sampling interval of T;,om rx = 0.1ns. Setups include three of the four possible configurations
mentioned in section 2.4.1.

seems that most of the selectivity is coming from the transmitter side, as the column entries
have similar significant components at similar positions. Measurements with FE 1 showed
similar but less severe behavior. The influence can either be treated as part of the channel
and equalized in the same manner, or could be reduced by some additional calibration
scheme. Finally, the mean phase variation per sample, due to the CFOs, is computed as
E[AQ] = 4-107°rad, see [53] for details.

5.4 Investigation of Carrier Frequency Oscillator Setups

This section will show the behavior of the different oscillator setups, discussed in section 2.4.1,
for carrier frequency generation. As in the previous two sections, the channel impulse response
is estimated with a correlation-based estimator, before the phases of the LoS taps are extracted.
The first setup uses FE 1, see Table 5.2, in an anechoic chamber, with a well-conditioned LoS
MIMO channel, and a sampling interval of Tj,om,rx = 0.1ns. The total length of the recording
shown in the plots is thus 0.2 ms. More information can be found in [53].

Figure 5.8 shows the extracted phases over time, normalized to 7, for three different oscillator
setups with M = N = 2. There is a fixed initial phase difference in all cases between the sub-
channels, caused by the phase differences of the PLLs of the different FEs®, as well as the
phase shift due to the spherical wave propagation. It is seen that the carrier phase processes

5Note that although a reference clock is shared, each front end has an independent PLL, which generates the
carrier frequency from the reference, and whose phase states are not equivalent.
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Figure 5.9: Example measurement of the channel phases for three different MIMO oscillator
setups for carrier frequency generation in a backhaul setup, using FE 3, M = N =4, and a
sampling interval of Tyom,rx = 0.2ns. The bottom figures contain the cases where either all
transmitters or all receivers share a reference oscillator.

are not simply linear increasing functions, but have a more complex shape, see also [52] and
section 2.4. In particular for oscillator setup 2, we can observe that this behavior is caused by
the reference oscillators and not by measurement noise, as all phase processes have a similar
shape. For setup 1, no slope aside from the noisy variations is observed over the complete
time frame, showing that there is no mean CFO, as expected for a shared reference between all
Tx and Rx front ends. Setup 2 shows the same mean slope, corresponding to the difference
of the two reference LOs, which were used at the transmitter and receiver, respectively. The
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results for setup 4 show four different slopes, corresponding to the difference between the
two independent carrier phase processes at the Tx and the two independent carrier phase
processes at the Rx. Furthermore, the phase slope is significantly higher compared to the
other two cases, as the internal LOs have orders of magnitude higher inaccuracies compared
to the external ones. The highest CFO is also experienced in this case, with the average of
the maximum being I:Z[IA(f)maXI] ~5-10"%rad per sample, which is the carrier phase difference
between the second Tx and first Rx.

In Figure 5.9, additional example measurements of the time-varying channel phases for
different oscillator setups, with M = N = 4 and FE 3, are shown. The LoS MIMO system was
set up in a backhaul-like scenario, which will be explained in more detail in section 5.5.2. The
sampling interval was chosen as Thomrx = 0.21s, yielding a total recording time of 0.4 ms.
For oscillator setup 2 and 4, the same observations as above can be made. However, it can
be seen that configuration 2 has a more erratic characteristic, also including some phase
jumps. Similar behavior was also noticed in [53] for another setup. With the semi shared
setups, there are groups of four phase processes that move together, depending on the side
where the reference is shared. For example, when all Tx share the same reference for carrier
frequency generation, all phase processes associated with one particular Rx antenna move
together. The average phase variation per sample is computed as E[|Ad|] = 2.4-10*rad, using
all phase processes from oscillator setups 3 and 4. Generally, we can observe that the phase
progressions are not simple linearly-increasing functions, but have a more complex shape.
This means that DD tracking may be a more suitable solution for CFO estimation compared to
one-shot estimation, especially when considering a relatively large number of consecutive
symbols. The limits for tracking with an adaptive equalizer in a practical LoS MIMO channel
can be inferred from Figure 3.4 and Figure 3.7. Tracking seems feasible in such a case up to
average phase variations of E[|A¢|] = 3- 103 rad per sample.

5.5 Investigation of Adaptive Equalization Performance

In this section, the adaptive equalization performance for different LoS MIMO system setups
at 60 GHz will be tested.

5.5.1 Setup with Two Antennas

First, consider an M = N =2 antenna setup with FE 2, see Table 5.2, in an anechoic chamber,
as seen in the rightmost photo of Figure 5.5, with a link distance of 5.5 m. Since FE 2 does not
allow for external synchronization, oscillator setup 4 was used for carrier frequency generation.
On the Tx side, QPSK symbols with a symbol duration of T; = 0.8ns, and shaped by a root-
raised-cosine filter with St = 0.3 and a finite-length of 10 symbols, generated by AWG 1, were
transmitted. The receiver side used RTO 1 with Ty,om rx = 0.1ns, leading an oversampling
factor of Q = 8. Since the sample generation and recording happened in one instrument on the
Tx and Rx side each, which was calibrated before the measurements, only a single SFO existed
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Figure 5.10: Example of the estimated power spectral densities of the received signals for
an M = N =2 LoS MIMO setup in an anechoic chamber. QPSK with a symbol duration of
Ts = 0.8ns and root-raised-cosine pulse shaping was transmitted. The average SNR estimate
from these power spectral densities is 18.5 dB.

between their reference oscillators. The antenna separation was set to one of the optimal
solutions. More information about the setup can also be found in [106].

Figure 5.10 shows the estimated power spectral densities of both receive antennas, containing
the mixture of both transmitted streams according to the MIMO channel, for the given setup.

The SNR at the receiver, defined using the estimated received in-band signal power and the
A2

estimated out-of-band noise power with 10log;, (ﬁ Yom %), is calculated as roughly 18.5 dB,
which serves as a bound® on achievable equalization perfO;nmance. It can furthermore be seen
that the signals cover a bandwidth of 1.25 GHz. The condition number of the LoS MIMO tap
is estimated, using the aforementioned correlation techniques, as E[K(ﬂc [k,0])] = 1.2. The
maximum average CFO per symbol, also estimated using correlation, is given by E[A¢yax] =
1.5-10°rad, and is the difference between the oscillators of Tx 2 and Rx 2. For the equalization
results shown next, the sampling frequency difference is estimated, through a correlation
technique that is a special case to what is described in section 3.3.5, and compensated’ prior
to the further processing. Thus, the single SFO will be considered compensated, and the input
signal to the adaptive equalizer is symbol spaced, such that the correct input indices have
already been identified. Another processing step that is carried out prior to equalization is
matched filtering with the root-raised-cosine filter. The equalizer is thus fed by the symbol-
spaced preprocessed signal yp[k], where matched filtering has been performed, and the SFO

has been sufficiently compensated.

6Note that the amount of transmit power contained in each received stream is only approximately U%n = %af,m,

given equal antenna gain in all directions. However, for the best case MIMO channel, the signals from the M
receive antennas combine coherently, such that the power at the MIMO equalizer output is 0’?6 =M- U%n. For
n
M = N, this approximately means U’?Cn = U%,m.
“See [106] for details.
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Figure 5.11: Constellation diagrams of 10* consecutive symbols of two streams, including the
effects of multiple CFOs, before and after adaptive equalization, in an M = N =2 LoS MIMO
setup with a transmission rate of approximately 5 Gbit/s. A symbol-spaced feedforward LMS
equalizer with Ly = 10, and its widely-linear version with Lgy, = 10 and Lgwr, = 3, were used.
The step size is chosen as ugp/5, and the estimated MSEs are -15.7 dB for the standard version,
and -16.9 dB for the widely-linear version, respectively.

The constellation diagrams of 10* consecutive symbols per stream from this system setup
before and after adaptive equalization, with a feedforward filter of length ten, i.e., Ly = 10
and Lg =0, can be seen in Figure 5.11. The reason for using a feedforward equalizer is that it
shows very good performance for this well-conditioned MIMO setup. The adaptive equalizers
LoS taps are initialized with the pseudoinverse of the LoS tap ﬁc [0,0], based on an estimate
obtained through correlation at the start of transmission, while the other taps are initialized
with zeros. After initialization, the equalizer works solely based on the symbol decisions. The
step size is chosen as upp/5 for the reasons described in the previous chapter, but especially
due to the low CFOs. It can be seen that the streams can be well separated and that no
significant residual CFOs are visible. The average MSE of the two streams is computed for
the standard equalizer as 10log,, E (Ix—%|?) = —15.7dB. It is thus shown that the adaptive
feedforward equalizer can equalize a practical LoS MIMO channel, including multiple CFOs,
yielding a gap compared to the estimated received SNR of less than 3 dB. The transmission
rate of the system is approximately 5 Gbit/s, and could be doubled by using 16-QAM, which
should be feasible according to the computed MSE. The equalization performance can be
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further improved by optimizing the equalizer parameters, e.g., lower step size u [106] since
the CFOs are low, and by using a widely-linear (WL) equalization structure, as is shown in the
rightmost constellation of Figure 5.11 and will be explained in the next section.

Widely-Linear Extension of the Adaptive Equalizer

During evaluation of the measurements, it was noticed that the received signals are also
impaired by I/Q imbalance [56, 110], i.e., some part of the in-phase component of the signal
leaks into the quadrature-phase and vice versa, leading to additional interference that should
be compensated for. Several approaches can be found in the literature in order to compensate
the effect [110, 111, 112], also including MIMO systems [113], where multiple different imbal-
ances may be present. A very attractive approach is to employ the framework of WL signal
processing [110, 114]. The basic premise is that the complete statistical information about a
complex signal also requires knowledge about the interaction between real and imaginary part
[76, 110, 114]. A simple way of doing this is to use the signal, as well as its conjugate complex
for processing.

The equalization equation that was previously used, see section 4.3, can be adopted to include
a WL part. Only the feedforward version will be presented here, the extension to a feedback
version is straightforward. The estimates for the symbols are obtained through

Lgwi

Vi K] ]

Ve, ipy K]

where the equalizer now has length Lg = Lgy + Lgwr, with Lgy being the length of the standard
equalizer, and Lgwy, being the length of the WL section. The equalizer is updated with

Welk+ 1] =Wglk] - p-elklyg; (K], (5.4)

Compared to the standard solution, this means that the equalizer size is increased for the
widely-linear version, which increases convergence time and requires lower . How to select
Lrwi, depends on the type of I/Q imbalance, i.e., is it frequency selective or not. In most cases,
small values for L, should give the most significant gains.

For the WL results shown in Figure 5.11, Lg;, = 10 and Lgwr, = 3 is used, with ppp/5 being
adopted accordingly. Visually, no significant improvement seems to occur compared to the
standard adaptive equalizer. However, computing the average MSE yields 10log; E (Ix— f(lz) =
—16.9dB, leading to an improvement of 1.2 dB, and reducing the gap compared to the esti-
mated received SNR further.
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(b) Transmitter (c) Receiver

Figure 5.12: Backhaul LoS MIMO setup with M = N =4 antennas, using FE 3. The distance
between transmitter and receiver is 21.1 m.

5.5.2 Setup with Four Antennas

Consider the M = N =4 antenna setup with FE 3, see Table 5.2, which is shown in Figure 5.12.
The setup has a backhaul-like channel and transmits over a distance of 21.1 m. On the Tx
side, AWG 2 was used to generate QPSK symbols with a duration of T = 0.57ns, and which
are shaped by a root-raised-cosine filter with 8t = 0.3 and a finite-length of 20 symbols. In
order to have enough sampling inputs on the receiver side, RTOs 1 and 2 were used jointly
to sample the received signals. They were set to sample with an interval of Tyom rx = 0.21s,
yielding an oversampling factor of Q = 2.84. Different oscillator setups for sampling and carrier
frequency generation can be achieved with this setup, due to the available reference input for
the carriers of FE 3, and the flexibility of the measurement equipment. Synchronized sampling
between the two RTOs was ensured by sharing a reference clock, and aligning the triggers to
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Figure 5.13: Example of the estimated power spectral densities of the received signals for an
M = N =4 LoS MIMO setup in a backhaul-like scenario. QPSK with a symbol duration of
Ts = 0.57ns, and root-raised-cosine pulse shaping was transmitted. The estimated SNR from
this setup is 24.3 dB.

within +0.08 ns. Figure 5.13 shows the received estimated power spectral densities of the four
receivers. The signals roughly cover a bandwidth of 1.76 GHz. The estimated average SNR is
24.3 dB and the LoS MIMO channel has an estimated condition number of E[K(ﬁc [k,0D] =2.2.

For the equalization, consider a case similar to the one with two antennas. In particular,
assume the RTOs on the receiver side to be synchronized, such that only a single SFO exists,
and that it has been sufficiently estimated and compensated. More broadly, the signals are pre-
processed, prior to adaptive equalization, in the same manner as in the two-antenna case. For
carrier frequency generation, oscillator setup 4, i.e., independent oscillators as in the previous
section, was used. Then, a symbol-spaced adaptive equalizer may be sufficient for compensat-
ing the effects due to the MIMO channel and CFOs. Consider the same feedforward equalizer
as above with Ly = 10, and using ppr/2 as the step size. The adaptive equalizer is initialized
directly with a training phase of 5-10° symbols®, after which decision directed adaptation
begins. The equalization results are shown in Figure 5.14. It is seen that the streams can be well
separated, yielding an average MSE for the four streams of 10log, E (Ix- f(lz) =—12.3dB. The
addition of a WL section to the equalizer does not lead to significant performance improve-
ments, leading to the conclusion that these front ends experience less I/Q imbalance. Overall,
there is still a significant performance gap compared to the estimated received SNR. The gap
may be closed by considering fractionally-spaced equalization, which can deal better with
residual SFO, or by using a DFE. Nevertheless, the used adaptive equalizer works error free
with four parallel streams, dealing with multiple CFOs, and achieves a combined transmission
rate of 14.1 Gbit/s.

8Although this seems like a lot compared to the 10* data symbols that are shown in the figures, the equalizer
keeps working properly in DD mode over much more symbols.
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Figure 5.14: Constellation diagrams of 10* consecutive symbols of four streams, including the
effects of multiple CFOs, before and after adaptive equalization, in an M = N =4 LoS MIMO
setup with a transmission rate of approximately 14.1 Gbit/s. A symbol-spaced feedforward
adaptive LMS equalizer with Lg = 10 was used. The step size is chosen as pgr/2, and the
estimated MSE at the equalizer output is -12.3 dB.

5.6 Summary & Main Results

In this chapter, different topics regarding LoS MIMO with multiple timing impairments were
investigated experimentally in the 60 GHz band. It was first shown that we can indeed observe
the spherical wave propagation in practice, which leads to the possibility of spatial multiplex-
ing in LoS conditions, as described in chapter 2. It was seen that when the optimal-spacing
criterion can be fulfilled, low condition numbers are observed leading to highly orthogonal
MIMO channels. This holds true for different system setups, in different conditions, and
with different numbers of antennas, as long as a LoS component is present. In general, low
condition numbers of k < 3 are achievable, when care is taken during system set up. Some of
the statistical variations occurring in these different LoS MIMO systems were investigated next.
A main result is that on average the observed NLoS taps are approximately 11.2 dB reduced
in power compared to the LoS taps at mmWave frequencies. Qualitative investigations of
the measurements seem to agree with the literature [12, 92, 93, 94] in that the delay spread
for LoS links in this frequency range is a few to some tens of nanoseconds. Furthermore, it
was seen that the LoS taps experience some variations for each setup w.r.t. their mean value.
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This is most likely due to the manual set up of the systems, where it is difficult for longer
distances to properly align the antennas, which generates power variations due to the antenna
patterns. It was also briefly discussed that frequency selectivity due to the front ends may play
an important role for some of the wideband systems, as also mentioned in the literature.

Next, MIMO channel phase variations caused by CFOs in different oscillator setups were
examined. As predicted in the previous chapters, when a reference oscillator is shared between
the Tx and Rx front ends, respectively, a single carrier phase difference process is observed.
When a reference is shared on only one side, groups of the carrier phase difference processes
move together. With totally independent oscillators on both sides, we can observe M - N
carrier phase difference processes, which are generated from all possible combinations of the
M + N offsets with respect to the nominal frequency, as described in section 3.3.2. Typical
measured CFO values, meaning average phase increments per symbols, are in the range of
E[IA(ﬁI] ~ 10 %rad to 103 rad, which is similar to the predicted values of chapter 2 for the
given frequency range and bandwidth. Even though these average values are helpful for
system design, it was also seen that the phase processes can have a more complex shape than
simple linearly-increasing functions for many of the setups. Thus, the phase process model
proposed in chapter 2, which on top of the linear drift also has a Wiener and a white noise
component, and which was used for simulating the estimation performance in chapter 3, may
give a more accurate prediction of practical performance than the commonly used purely
linearly-drifting model. More generally, all of the observed MIMO channel variations indicate
that decision-directed tracking can be a good option for these systems, potentially requiring
less overhead compared to one-shot estimators, which may need more frequent estimations
due to the variations from, e.g., the carrier phase processes.

The final part of this chapter was the application of adaptive equalizers, introduced in chap-
ter 4, to two practical LoS MIMO setups. The first one consists of two transmit and receive
antennas, an independent oscillator setup, and is able to provide a transmission rate of approx-
imately 5 Gbit/s over a bandwidth of 1.25 GHz. The adaptive equalizer can recover both MIMO
streams error free, while simultaneously dealing with the multiple CFOs. The performance
gap compared to the receive SNR is less than 3 dB. Adding widely-linear processing to the
equalizer, in order to deal with I/Q imbalance, was seen to provide a significant performance
improvement. The second LoS MIMO setup uses four transmit and receive antennas, an
independent oscillator setup, and provides a rate of 14.1 Gbit/s over a bandwidth of 1.76 GHz.
In this case, the adaptive equalizer is also able to recover all four streams error free, but the gap
compared to the receive SNR is significantly larger, leaving room for further improvement of
the equalizer. In general, these practical equalization results show that adaptive equalization
is a suitable approach for LoS MIMO systems with multiple timing impairments.
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Epilogue

6.1 Summary and Conclusion

Synchronization is one of the key signal processing tasks in order to enable wireless commu-
nications. In most systems, we have to deal with a difference in carrier and a difference in
sampling frequency, due to inherent hardware variations, while also being affected by the
propagation through the channel. For MIMO systems, the number of these impairments
affecting the transmission increases with the number of transmitters and receivers. Due to
their number and their interdependence, low-complexity approaches are typically required in
order to compensate them.

Depending on the ease of sharing reference frequencies between different Tx and Rx front ends,
a wide variety of possible, or required, oscillator setups may be used for carrier and sampling
frequency generation. Depending on the setup, a different number of frequency offsets exists
in the system. The goal of this thesis has been to provide a unified approach to deal with
these two timing impairments, namely CFOs and SFOs, in MIMO systems in the most general
configuration, where multiple independent oscillators may exist in the system. The focus
has been mostly on LoS MIMO links at mmWave frequencies in backhaul-like scenarios, i.e.,
stationary transmitters and receivers with one dominant transmission path and relatively
large bandwidth in the GHz range. Nevertheless, many of the results can also be used for
other MIMO scenarios. It was seen that the multiple timing impairments do not make spatial
multiplexing, or MIMO transmission more broadly, infeasible. They require, however, that
some of the processing steps are carried out in a certain order. It was discussed that multiple
SFOs can only be properly compensated in the most general case, if a full fractionally-spaced
equalizer is used, due to irreversible aliasing that would otherwise occur. When only multiple
CFOs are present in the system, symbol-spaced processing is sufficient, given that the CFOs
are relatively slow. Several low-complexity estimators have been proposed, most of them
based on correlation, in order to estimate the MIMO channel and the timing impairments.
Equalization and synchronization based on these estimates was shown to be possible with
relatively low complexity, since the timing impairments can be compensated in parallel even
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in the case of independent oscillators. However, in order to do that it is necessary to separate
the Tx and Rx contributions from the estimated phase difference processes, which was shown
to be possible. Furthermore, if an oscillator, or a reference, is shared on either side of the link,
synchronization becomes significantly simpler, and several of the well-known techniques
from the literature, such as digital PLLs, can be used.

The MIMO system with timing impairments was also shown to be equivalent to a large
time-varying filter, through which the transmitted signals propagate. In order to estimate,
track, and compensate this time-varying channel, adaptive filtering was proposed as an
alternative strategy. The benefit of this approach is that we can use the decisions during data
transmission to update and track the channel, which is superior when the carrier or sampling
phase processes have a more complex shape than simple fixed linear phase increments over
time, which are very often assumed in the literature. Suitable parameter selection for the
adaptive filters was shown to depend on which of the two timing impairments dominates, and
also requires that they are relatively slow compared to the symbol rate, which holds true for
mmWave systems. In the equalization case, the performance characteristics of the adaptive
equalization filter was shown to additionally depend on the MIMO channel. For a properly
designed LoS MIMO system at mmWave frequencies, the channel is highly orthogonal and
exhibits low frequency selectivity, yielding conditions where adaptive equalization filters can
work very well.

Simulations and experimental results at 60 GHz verify the proposed processing approaches,
and the characteristics of LoS MIMO at mmWave frequencies. In most cases, they are close
to a performance lower bound, or close to the performance of a system without timing
impairments. A data rate of 14.1 Gbit/s was achieved with a practical four-antenna LoS MIMO
system, using an RF bandwidth of 1.76 GHz, four times spatial multiplexing, and adaptive
equalization to deal with the CFOs. The spectral efficiency of the system follows as 8 bit/s/Hz.
It was thus shown theoretically and experimentally that multiple timing impairments are not a
hindrance for MIMO systems, neither in terms of performance loss nor in terms of complexity,
as long as suitable processing is used. The proposed estimation and equalization approaches,
as well as adaptive filtering, have been demonstrated to be two such processing options.

6.2 Future Work and Open Topics

There is a range of topics emerging from this work that requires further investigation. The
largest topic, with several open problems demanding further examination, is systems ex-
periencing multiple SFOs. In the literature, such systems have been scarcely treated, but
they may come to prominence with rising interest in multi-user MIMO systems. This work
has introduced their basic system descriptions, and proposed the most basic compensation
schemes. However, several fundamental questions such as CRBs, or simplified compensation
schemes to enable symbol-spaced equalization, which can lower computational complexity,
remain open. Blind estimation approaches, which do not need training signals, have also been
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popular to estimate timing impairments in SISO systems. It is not fully clear if and how they
can be extended to the general MIMO case with multiple independent oscillators. Consider
a typical squaring loop for timing impairment estimation [3, 4]. When it is used in MIMO
systems, multiple maxima will be observed in the spectrum, due to the superposition of several
transmitted signals of slightly different frequencies, which requires an additional matching of
the CFO to the corresponding transmitter. Furthermore, since a nonlinear function is often
applied to the signals with such an approach, several mixing products between the different
frequencies will occur, making it even harder to identify the correct values. MIMO precoding
with multiple timing impairments is another problem worth investigating. For example, in
order to create parallel streams on the receiver side, without the need for additional MIMO
equalization, the transmitter phase process differences need to be known. Typically, these
differences can only be measured on the receiver side, and some delay occurs when feeding
that information back to the transmitter. If the phase processes behave linear this is not a
problem, but with more complex phase variations, as observed in this work, this becomes an
issue. Most of this work was based on single-carrier transmission. There is a huge interest
in MIMO systems using multi-carrier waveforms. How the multiple timing impairments are
expressed in such a case is also not immediately clear.

For adaptive filtering, it is of importance to investigate the time of convergence, or initialization
of the filter before DD tracking can begin, further. This is especially critical when these
approaches are extended to more dynamic channel situations. In this work, we treated CFOs
and SFOs separately for the LMS approach. It may be worthwhile, albeit complex, to consider
both timing impairments simultaneously. This will give a better intuition for selecting the
parameters, and the corresponding error performance of the adaptive filters, compared to the
qualitative approach that has been taken in this work in cases, when both timing impairments
are present. RLS or Kalman filters, although of significantly higher complexity, may also turn
out suitable for such a system, as has been partly shown in the literature for the CFO case. A
proper complexity comparison between the one-shot estimation and equalization approach,
and the adaptive filtering approach is also of interest, with some results being available in
[106]. Another open problem w.r.t. SFOs in adaptive filters should be mentioned. For a long
enough transmission duration, the SFOs will eventually create sample shifts or removals. This
means that the taps of the adaptive filter will wander, and eventually require a delay longer
than the filter length. One simple solution to this problem is to track the most significant taps,
and add parallel delays before the adaptive filters, when they reach certain thresholds.

From a practical standpoint, it is interesting to search for processing strategies that are of
even lower complexity, compared to the proposed approaches of this work. For LoS MIMO
at mmWave frequencies this work, and the literature [9, 109], has shown that some ISI may
occur due to the hardware. If that is the case, we may use a simpler MIMO equalizer in
conjunction with parallel, possibly adaptive, filters, as partly mentioned in this work and
used in [106]. It was also discussed in this thesis that some automated antenna alignment
strategy could potentially improve the link performance of LoS MIMO. Measurements with
a multiple SFO setup are also of great interest, in order to verify the proposed approaches
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and identify potential problems. Especially fractionally-spaced adaptive equalization in a
practical scenario with such a MIMO setup is of practical importance, and no results from the
literature are currently available. A deeper investigation of the hardware impairments, e.g., 1/Q
imbalance or phase process characteristics, of mmWave MIMO systems can, additionally, help
to improve the system design, if typical values and their properties become known. Finally,
the carrier and sampling frequency is often derived from the same reference frequency for a
given transceiver in practice. This means that the same long-term variations could potentially
be seen in the carrier and sampling phase processes. This property has not been considered
so far.
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iN\Additional Comments on Oscillators
and Their Impact

This appendix presents some further discussions on the impact of oscillators on communi-
cations systems, with a focus on LoS MIMO. It is discussed, how data sheet parameters of
oscillators, e.g., phase noise values, can be converted to values that can be used for the phase
process model discussed in section 2.4.

In general, oscillators have a short-term, i.e., in the seconds range or faster, and a long-term,
i.e., hours or longer, behavior. We focus here, and in the work, on the short-term characteristics
of oscillators, which are often characterized for system components by their phase noise values.
Long-term behavior is more commonly described by an Allan variance [46]. Both attributes
can, of course, describe the complete behavior. This is the case when PN values below 1 Hz, or
Allan variances below 1 s, are available. One can also convert between the two measures [46].
The short-term behavior is of critical importance here, as it immensely influences high-speed
data transmission with symbol durations in the nanoseconds range. Furthermore, some of
the long-term characteristics essentially correspond to shifts of the mean frequency, which
are inherently compensated by the presented algorithms, given that they still lie within the
estimation range. A general description of phase errors in oscillators, and the relation to phase
noise and jitter can be found in [51].

A.1 Conversion of Oscillator Parameters to Model Values

The conversion from phase noise and jitter data to the model parameters, which was used
in section 2.4 and throughout the work, will be described next. Recall that the model has
three contributions, namely a mean drift, a Wiener noise part, and a white noise part. Note
that in the following, we compute the values on the sample level, as this was also done in the
main text. In general, it is of course more interesting to determine the impact of the model
parameters in the signal bandwidth. This can be done by substituting the sample rate with the
symbol rate in the following equations.
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A.1. Conversion of Oscillator Parameters to Model Values

A.1.1 Carrier Phase Offset Process

The mean variation, or linear drift, of an oscillator is assumed to be described by its accuracy
in ppm. Given this, the corresponding model parameter can be calculated with

Ly =27 Af - Tnom (A1)
=27 - Accuracy[ppm] * fnom * Thom, (A.2)

where T, is the nominal sampling interval at the receiver, A f is the frequency offset w.r.t.

rad
sampleinterval *

one can fit a slope to the drop-off region of the phase noise spectrum with

the nominal carrier frequency fnom, and y,,, has the unit! of For the Wiener part,

PN(A fpN) [dBc/Hz]

10 -1
Uéw = (27T . AfPN)p -10 10 . Tlfom s
2 IN(A/p) ldserz]
= (27I . AfPN) -10 10 - Toom .

where p describes the slope, in the second line p = 2, i.e., 20 dB per decade drop, and PN(A fpy)
is the phase noise power in dBc/Hz at offset frequency A fpy. The parameter oz(pw has the
ra.—dzz. In the literature, the Wiener part is also sometimes related to the 3 dB
(sampleinterval)

bandwidth of the PN spectrum [56]. Finally, the white noise contribution in the model from

unit

the data sheet PN values follows using

far-out PN[dBc/Hz]
10

2
Op =————— (A.5)
$n Tnom
PN (A fpN—00) [dBc/Hz]
10
= ) (A.6)

TIlOIl’l

rad®
(sampleinterval)® "
increases with an increase in the sampling rate. It has been conjectured in the literature that

this term can be performance limiting for wideband systems [50]. A more detailed discussion
about the conversion between measured PN values and model parameters can be found in
(49, 54].

which also has the unit It is seen that the last contribution is the only one that

A.1.2 Sampling Phase Offset Process

For the sampling phase process, the accuracy is also assumed to correspond to the mean
variation, i.e.,

AT A7)
IJ/ pw = *
¢ Tnom
TIlOIIl
= Accuracy[ppm] - ——, (A.8)
TIlOIIl
In the main text we use =224 and also justrad to shorten notation. The same applies to the squared quantities.

sample
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where AT is the sampling time interval change, and T, is the nominal receiver sampling

samples__ 1o Wiener part is computed from the RMS jitter

. 2 s
interval. The unit” of g, is G rinemar

value with

RMS Jitter([s] |
o2 = (RMSJitter(s|)© (A.9)
P Tnom
. samples? . . e ..
and has the unit Sampleinterval®” The white noise contribution is given from the aperture jitter
with
Aperture Jitter[s] |2
Uz«bn:( = T ] H)- (A.10)
nom
2
The model parameter o2 has also the unit —S22Ples"__
$n (sampleinterval)

A.2 Approximate Time Invariance

It was mentioned several times in the work that the channel is sometimes assumed to be
approximately time invariant® over a frame of L; samples, i.e., Hclk] = Hclk + [1] for [} =
{1,..., L;—1}. In this section, this statement will be quantified to some extent for the appropriate
parameter range of the two timing impairments in mmWave LoS MIMO systems. It is sufficient
to focus on each single entry h¢.[k] of the complete channel matrix H¢[k] individually. We
can say that the channel is approximately time invariant if the variation within the L; samples
is below a certain threshold, i.e., E[|hc..[k] — hc,.[k + I7]]/ El| h¢,.[k]|?] < a. The parameter a
controls how much variation is allowed. For example, in [4] it is proposed that CFO values of
ten percent w.r.t. the symbol rate can be tolerated, when matched filtering should be carried
out before CFO correction?. When making numerical evaluations, we thus also choose®
a=0.1.

The exact variation of k¢ .[k] over time depends on the shape of the timing impairments, as
well as the channel characteristic. For convenience, we only consider the linear drift parts here,
and separate the two timing impairments. For the CFO case we can, without loss of generality,
for the linear drift case state that h,.[k] = 1 and hc,.[k+ Ii] = 1-exp(j - ty, - &i). In the linear

samples

2In the main text we use sample

and also no unit to shorten notation. The same applies to the squared
quantities.

3This concept is similar to the coherence time of a channel [4, 27, 28], which is usually given for fading channels
excluding the timing impairments.

4This essentially means that the time variation due to the CFO is insignificant w.r.t. the length of the matched
filter.

5This was also the threshold that was used to distinguish between frequency-flat and frequency-selective
channels.
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drift case, the maximum difference is reached when [} = L; — 1. We can then compute

E [[hc, (k] - he, [k + 1|

as> (A.11)
E||hc. kI[’]
a>1-exp(j-pg, Li-D) (A.12)
- g < cos(tp, - (L - 1) (A.13)
-1 1 _a
= I;< cos ' (1-3) +1 (A.14)
|H‘Pw|
cos™!(0.95)
< ——— 41, (A.15)
||

where for the last line a = 0.1 as described above. We can now compute the number of samples
L;, over which the channel is approximately time invariant given the previously computed
standard CFO values of Table 2.1. For the highest CFO value this yields L; = 4, and for the
lowest one it yields Lj = 794. We can see that for high CFO values, the channel changes
relatively quickly.

For the SFO case, the situation is more complicated as the change of /¢ .[k] depends on the
complete channel characteristic. We will make the simplifying assumption that the change is
in the order of a if the sample shift is in the order of a. We can then state, with the assumption
of only linear sampling phase offset drifts, where the maximum difference occurs at Iy = L; — 1,
that

a>|pg, |- Li—1) (A.16)

— <2 41 (A.17)
|k |
0.1

Li<——+1. (A.18)
g, |

For the highest and lowest SFO value from Table 2.1, this gives L; ~ 500 and L; = 10°, respec-
tively. As mentioned for the adaptive filter channel tracking in section 3.4.4, it is also seen here
that the main variation for typical mmWave components is due to the CFOs.

A.3 The Sample Drop and Add Phenomenon

In the work, we talked about the fact that the existence of SFOs will eventually lead to the
sample add or drop phenomenon when continuous transmission is considered, see section 2.4
and Figure 2.8. We try to briefly explain, where this effect is coming from, and point to solutions
for the problem.

Consider a prototype continuous-time waveform of alternating plus and minus one symbols,
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Figure A.1: Example prototype continuous-time waveform, which is sampled at the symbol
rate, and at a slightly impaired symbol rate. In (a), the waveform is sampled with an actual rate
that is slightly lower than the symbol rate, which leads to missing the symbol in period five. In
(b), the actual sample rate is slightly higher than the nominal symbol rate, and the symbol in
period seven is sampled twice.

which carry the information, and which are shaped by a rectangular pulse, as given in Fig-
ure A.1. If they are sampled at a fixed nominal rate, which is equivalent to the symbol rate
1/ Ty, one collects exactly one information symbol per symbol period®, and gets the sequence
of alternating plus and minus ones, see the ideal samples in Figure A.1. Then, assume that
the actual sampling rate is smaller, i.e., the sample period is higher, than the nominal value.
In this case, we sample the continuous-time waveform always a little bit later compared to
the ideal case. Eventually, because the sample period is slightly larger than the symbol period,
we will miss an information symbol, see the fifth symbol interval in Figure A.1a. Instead
of the alternating sequence in the ideally sample case, we thus see a sequence, where two

6Although this example describes the symbol-spaced case, the problem occurs in the same way when over-
sampling is used. Imagine two samples per symbol. At some point only one sample per symbol period, or three
samples per period will be generated, respectively. The benefit of oversampling is that we will always have at least
one sample per symbol, whereas in the symbol-spaced case we can not recover the sample drop.
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consecutive negative ones are seen in the sequence, and a positive one is missed.

In Figure A.1b, the actual sampling rate is slightly higher than the nominal one, i.e., the
sampling period is lower. Hence, the continuous-time waveform is always sampled somewhat
earlier compared to the ideal-sampling case. At some point, two samples will be generated
within a symbol period, see interval seven in Figure A.1b. We see a sequence, where two
consecutive positive ones are seen, instead of the alternating sequence. From the previous
section, we can estimate when either of the two events is expected to occur. In the previous
section, we said that ten percent sample shift is allowable, whereas now we are interested in
the case when a full sample shift happens. With the values from before, we can compute that
for high SFOs, such an event is expected approximately within each 5- 10° samples, while for
low SFOs it is expected approximately within 10® samples. This means that if we have blocks,
which contain more than these numbers of samples, either of the two events is probably
included in that block.

In a MIMO system, sample drops and adds occur at different points in time for different
front end combinations. General remedies to this problem are the use of oversampling, the
use of buffers, and mechanisms to detect when such an event has occurred. A more in-depth
discussion for the SISO case can be found in [4], and references therein.
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Extended Derivations for LMS Adap-
tive Filter

This appendix includes more detailed derivations for the selection of the LMS step size p,
and the corresponding misadjustment .#, in the case when CFOs or SFOs are present, see
section 3.4.4.

B.1 Tracking of CFOs

From section 3.4.4, with the given approximations for the phase term and equal transmit
power for all Tx, the misadjustment is given by

2 2
O- nn 1 2 - HU nn A 2
%ZM'NLT > il +—2- XT,2 Z(pmazx (B.1)
2- l'ta-xTr,n (2 + NLT) I'l 2 —uNL ﬂ UxTr,naﬁm
ll T 1_'uU'Z'(Tr,n
Requesting a misadjustment smaller than one leads to
=4 (B.2)
2 2
0- nn 1 2 - HO’ nn A 2
0> pNLTZ 5 xT'z NI T2 xl'z > ¢>ma2x -1 (B.3)
—HUxTr,n( T) H Z_NNLTﬁ Ufo'ﬂo.ilm
2
0=2(+NLp)os, o5 -1+ (A¢§maim - 2a§lm) P = BAPE a1+ AP ——
XTr,n
(B.4)

where some approximations about the signs of different terms were used, and which is used
with equality to get to the results. Typically, two roots will exist here, where for low CFO values
one will be equal to the CFO free case.
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Trying to minimize the misadjusment from above gives

/A
0=—r—o (B.5)
ou

~(2NL10% + QR @+ NLD 0 ) = A8 2+ NL) - 2

6(3+ NLy) 8 (B.6)
+ A<P12nax0—2 = Dy
Xn x’l‘r,n

which is almost exact, except when the parameters create a pole in the derivative, which
happens when 2 = paiﬁ . (2+ NLy). Furthermore, it can be shown that this equation has only
one real solution.

Assuming small values of y, particularly assuming 2 > ,uaz NLt, which implies that 2 >

,uafcTr , and for NLt = 2, i.e., any MIMO or frequency—selectlve case, that 1 > ,quT , the
misadjustment simplifies to
UiTr n 1 2 A(/)max
M= p- NLy—" + — - = ——2 (B.7)
2 /J 2 GxTr naflm
Requesting again a misadjustment smaller than one leads to
| =4 (B.8)
2 1 Ag2
0=puNLp—=" + — ma;‘ -1 (B.9)
2 'u UxTrn N
2
0= NLyoy i =2 + APl ———— (B.10)
' XTr,n ™ iy
With equality, it is still necessary to solve a cubic polynomial, but a simpler one.
Minimizing the simplified misadjustment equation leads to
/4
0= (B.11)
ou
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O%nn 1 A
0=NL——" + — (-2) th_ma; (B.12)
2 H XTr,n = Mgy
UzTr n 2
XTen ™~ Mgy,
from which an optimal solution for ¢ can be obtained. It is given by
) 1
AAPrax |’
= . (B.14)
Hopt,CFO ( NLTU?CTT,,,U%I,,,)
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It was seen in section 3.4.4 that this solution does not hold for certain parameter settings, even
for not so high CFO values when, for example, the system size is large. Assume now that the
CFO term dominates the misadjustment, and start with the initial equation

2
1 2 - uo-xTr n A()brzna_x
A 2 NI~ O%,0% (19
H 1o, 1- ‘uaxTrn ' "
2
L 2 Amax (B.16)
p? 2-uNLrok, 0% 0%

where it is still assumed that 1 > ,uo?cTr .- We will only proceed with the derivative approach, in
order to get a sort of upper bound on p that may always be usable. The derivative leads to

oM
_ (B.17)
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The misadjustment for the optimal choice of u, employing the same approximations that were
used to derive it, can be written as
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For the fixed choice of , which is independent of CFO and SNR from above, the misadjustment
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. . 2
can be approximated, using 1> po%, =, as
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B.2 Tracking of SFOs

Assuming that the variation due to the SFO dominates the misadjustment, it can be computed
that

B=Tr(Cpp, |1-0 (B.28)
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where 1 > MUiT,,, was assumed. Minimizing the misadjustment leads to
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i (B.31)
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Basic Constants and Variables

amn,; Path attenuation of the /th path between transmit antenna » and receive antenna m
Bt Roll-off of the discrete-time pulse-shaping filter

¢ Speed of light ~3-10% 2

d, d1x1, d1x,2) dRx 1, dRx2 Antenna spacing, antenna spacing on the transmit side in the 1st
array direction, antenna spacing on the transmit side in the 2nd array direction, antenna
spacing on the receive side in the 1st array direction, antenna spacing on the receive
side in the 2nd array direction

fnom Nominal (ideal) carrier frequency of the transmission system

frs.ns frx,m Actual carrier frequency of the nth transmitter, actual carrier frequency of the
mth receiver
Kr Rician K-factor

A Wavelength of the nominal carrier frequency, i.e., 1 = fn((:)m

Arx,n Wavelength of the actual carrier frequency of the nth transmitter

M Number of receive antennas or front ends

N Number of transmit antennas or front ends

Q Integer oversampling factor

Q Fractional oversampling factor

R Transmission link range

Ts Symbol duration, equivalent to the inverse of the symbol rate

Tmn, Pathdelay of the /th path between transmit antenna 7 and receive antenna m

Thoms Tnom Tx» Tnom,rx Nominal (or ideal) sampling time interval, nominal sampling interval
at the transmitter, nominal sampling interval at the receiver
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Trx.n» Trx,m Actual sampling interval of the nth transmitter, actual sampling interval of the
mth receiver

Operators, Functions, and Distributions

¢/ (a,b) Complex Gaussian distribution with mean a and variance b, with uncorrelated
real and imaginary part

* Discrete-time convolution
E[x] Expected value of random variable x
Z {x[l]} Discrete Fourier transform of discrete-time signal x[/]
Im{x} Imaginary part of complex variable x
Jo(x) Bessel function of the first kind and zeroth order evaluated at x
N (a,b) Gaussian distribution with mean a and variance b
Re{x} Real part of complex variable x
sin(x)

sinc(x) Sinc function of variable x, i.e., ==

9 (a,b) Uniform distribution between a and b

Basic Vectors and Matrices, Operators and Functions

0,,x5n All-zeros vector or matrix of size m x n

1,,xn All-ones vector or matrix of size m x n

blkdiag(X;,Xo,...,X;) Block diagonal matrix of a sequence of matrices X;,Xo, ..., X,
x*,x*,X* Complex conjugate (entry-wise) of variable x, vector x, or matrix X
det(X) Determinant of matrix X

diag(x) Diagonal matrix of vector x

e, nth basis vector

© Hadamard (or entry-wise) product of two vectors, or matrices, of equal size
x, X! Conjugate transpose, or Hermitian transpose, of vector X, or matrix X
I,, Identity matrix of size n x n

x (X) Condition number of matrix X

® Kronecker product of two vectors, or matrices
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Ai X), Amax X) ith eigenvalue of matrix X, maximum eigenvalue of matrix X
Tr(X) Trace of matrix X
x', X" Transpose of vector x, or matrix X

vec (X) Vectorization, i.e., column stacking, of matrix X

Continuous-Time Signals, Filters, and Processes

hgp mn(8), hmn(t) Continuous-time band-pass version of the wireless channel impulse re-
sponse between transmit antenna »n and receive antenna m, continuous-time baseband
version of the wireless channel impulse response between transmit antenna »n and
receive antenna m

hrx n (1), hrx,m(2) Continuous-time baseband linear impulse response characteristic of the
nth transmitter front end, continuous-time baseband linear impulse response charac-
teristic of the mth receiver front end

nm,(t) Continuous-time band-pass/baseband noise process observed at the mth receiver
rm(#) Continuous-time band-pass version of the received signal of antenna m

sn(t) Continuous-time band-pass version of the transmitted signal of antenna n

Xn(t) Continuous-time baseband version of the transmitted signal of antenna n

¥m(t) Continuous-time baseband version of the received signal of antenna m

Discrete-Time Signals, Filters, and Processes

hmnll]l Discrete-time baseband version of the wireless channel impulse response between
transmit antenna n and receive antenna m

he,mnllcl, he,mnlk, Icl, hc,mn[ic], hc, mnlk, Ic] Discrete-time baseband version of the com-
posite, including linear transmit and receive filter characteristics, channel impulse
response between transmit antenna z and receive antenna m, discrete-time baseband
version of the composite channel impulse response between transmit antenna n and
receive antenna m including the timing impairments, fractionally-spaced version of the
former, fractionally-spaced version of the latter

h¢, mnlk, lg] Extended discrete-time baseband version of the composite, including linear
transmit and receive filter characteristics, channel impulse response between transmit
antenna 7z and receive antenna m, including the timing impairments

hp ,[lpl, hp 1 [lp] Discrete-time finite-length pulse-shaping filter of the nth transmitter, discrete-
time finite-length pulse-shaping filter of the mth receiver
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hrx nlkl, hpx,mlkl, B nlltx], Arx,m([lrx] Discrete-time baseband linear impulse response char-
acteristic of the nth transmitter front end, discrete-time baseband linear impulse re-
sponse characteristic of the mth receiver front end, discrete-time finite-length base-
band linear impulse response characteristic of the nth transmitter front end, discrete-
time finite-length baseband linear impulse response characteristic of the mth receiver
front end

2 2 . . . . .

Hour T4, » 0p, Mean linear drift of the carrier phase process, variance of the Wiener process
contained in the carrier phase process, variance of the white noise process contained in
the carrier phase process

Ky 02(/.) , 024) Mean linear drift of the sampling phase process, variance of the Wiener process
w n
contained in the sampling phase process, variance of the white noise process contained

in the sampling phase process

nmlkl, ny,lk]l Symbol-spaced discrete-time baseband noise process sample observed at the
mth receiver, fractionally-spaced discrete-time baseband noise process sample ob-
served at the mith receiver

fimlk] Colored discrete-time baseband noise process sample observed at the mth receiver,
including the effect of the linear impulse response characteristic of that receiver

drx.nlkl, Pr,m k]l Sample of the discrete-time carrier phase offset process of the nth transmit-
ter with respect to its nominal carrier frequency fom, sample of the discrete-time carrier
phase offset process of the mth receiver with respect to its nominal carrier frequency

fIlOIIl

Admnlk] Discrete-time baseband sample of the carrier phase difference process between
transmitter n and receiver m, i.e., ¢rx n [kl — Prx,n k]

Grxnlkl, premlk] Sample of the discrete-time sampling phase offset process of the nth trans-
mitter with respect to its nominal sampling interval Tyom Tx, Sample of the discrete-time
sampling phase offset process of the mth receiver with respect to its nominal sampling
interval Tyom, Rx

A¢nlk] Discrete-time baseband sample of the sampling phase difference process between
transmitter 7 and receiver m, i.e., ¢rx.n[k] — Pryx k]

2 2
nm’ aﬁm

fractionally-spaced noise process of the mth receiver

o Variance of the symbol-spaced noise process of the mth receiver, variance of the

oin Variance (or average transmit power per symbol) of the signal of antenna n

2

o
XTr,

. Variance (or average transmit power per symbol) of the training signal of antenna n

0?2 Variance (or average received power per sample) of the received signal of antenna m
m

V
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Xnlkl, X,1k] Discrete-time baseband symbol of the transmitted signal of antenna 7, discrete-
time baseband sample of the transmitted signal of antenna n

X1r,n ITe]y X110 [I] Discrete-time baseband symbol of the transmitted finite-length training
signal of antenna n, discrete-time baseband sample of the transmitted finite-length
training signal of antenna n

Ymlkl, ymlk] Symbol-spaced discrete-time baseband sample of the received signal of an-
tenna m, fractionally-spaced discrete-time baseband sample of the received signal of
antenna m

Discrete-Time Vector and Matrix Signals, Filters, and Processes

€. [k], e[k] Vector containing the current and previous Ly —1 error signal values from all
antennas used for adaptive filtering, vector containing the current error signal value
from all antennas used for adaptive equalization

h,,[l], h; , Vector containing the /th tap of the wireless channel impulse responses from all
transmit antennas to receive antenna m, vector containing all L taps of the wireless
channel impulse responses from all transmit antennas to receive antenna m

H,H[k],H, ,Hf, [k], H fne? H T [k] Matrix containing all L taps of the time-invariant wireless
channel impulse responses from all transmit antennas to all receive antenna, matrix
containing all L taps of the time-varying wireless channel impulse responses from
all transmit antennas to all receive antenna, extended matrix containing all symbol-
spaced time-invariant wireless channel impulse responses, extended symbol-spaced
time-varying matrix containing all wireless channel impulse responses, extended matrix
containing the complete fractionally-spaced time-invariant wireless channel impulse
response, extended matrix containing all fractionally-spaced time-varying wireless
channel impulse responses

he, helkl, he, helk] Vector containing all taps of the composite, including linear transmit and
receive filter characteristics, symbol-spaced time-invariant channel impulse responses
between all transmit and all receive antennas, vector containing all taps of the composite
symbol-spaced time-varying channel impulse responses between all transmit and all
receive antennas, vector containing all taps of the composite fractionally-spaced time-
invariant channel impulse responses between all transmit and all receive antennas,
vector containing all taps of the composite fractionally-spaced time-varying channel
impulse responses between all transmit and all receive antennas

Hc, Hclk] Matrix containing all taps of the composite, including linear transmit and receive
filter characteristics, symbol-spaced time-invariant channel impulse responses be-
tween all transmit and all receive antennas, matrix containing all taps of the composite
fractionally-spaced time-varying channel impulse responses between all transmit and
all receive antennas
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Hclk, Ic] Matrix containing the Icth tap of the composite, including linear transmit and
receive filter characteristics, time-invariant channel impulse responses between all
transmit and all receive antennas, in the thesis I = 0 is often used to define the LoS tap

H¢, Hi[k] Extended matrix containing all taps of the composite, including linear transmit
and receive filter characteristics, time-invariant channel impulse responses between all
transmit and all receive antennas, extended matrix containing all taps of the composite
time-varying channel impulse responses between all transmit and all receive antennas

Hp Matrix containing pulse-shaping filters

Hpy, Hry[k], Hrx, Hrx[k] Matrix containing all taps of the time-invariant symbol-spaced lin-
ear receive filter characteristics from all receivers, matrix containing all taps of the
time-varying symbol-spaced linear receive filter characteristics from all receivers, matrix
containing all taps of the time-invariant fractionally-spaced linear receive filter charac-
teristics from all receivers, matrix containing all taps of the time-varying fractionally-
spaced linear receive filter characteristics from all receivers

Hg gy[k] Extended matrix containing all taps of the time-varying linear receive filter charac-
teristics from all receivers

Hry 1, Hrx 1 K], HTX_ in HTX’ in [k] Extended matrix containing all taps of the time-invariant
symbol-spaced linear transmit filter characteristics from all transmitters, extended ma-
trix containing all taps of the time-varying symbol-spaced linear transmit filter charac-
teristics from all transmitters, extended matrix containing all taps of the time-invariant
fractionally-spaced linear transmit filter characteristics from all transmitters, extended
matrix containing all taps of the time-varying fractionally-spaced linear transmit filter
characteristics from all transmitters

n[k], n;, [k], ﬁlax[k] Vector containing the current symbol-spaced noise sample from all
receive antennas, vector containing the current and Lgx — 1 previous symbol-spaced
noise samples from all receive antennas, vector containing the current and Lgy — Q
previous fractionally-spaced noise samples from all receive antennas

nlkl, ﬁLR [k] Vector containing the current colored noise sample from all receive antennas,
vector containing the current and Lg — Q previous fractionally-spaced colored noise
samples from all receive antennas

¢1«(kl, Pprxlk] Vector containing the current carrier phase offset process sample from all
transmit antennas, vector containing the current carrier phase offset process sample
from all receive antennas

D@1y [k], Prx[k], ®1x,1[K], ®1x 1, [K], PRy 15, [K] Diagonal matrix containing the current carrier
phase offset process sample from all transmitters, diagonal matrix containing the cur-
rent carrier phase offset process sample from all receivers, diagonal matrix containing
the current and L — 1 previous carrier phase offset process samples from all transmitters,
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diagonal matrix containing the current and Lp — 1 previous carrier phase offset pro-
cess samples from all transmitters, diagonal matrix containing the current and Lgx — 1
previous carrier phase offset process samples from all receivers

A®[k], A®[k] Matrix containing the carrier phase offset process difference samples between
all transmit and all receive antennas, matrix containing the sampling phase offset
process difference samples between all transmit and all receive antennas

W¢[k] Matrix containing the time-varying equalizer coefficients for the complete system

W, Wg, Wr[k], Wg[k] Matrix containing the time-invariant symbol-spaced feedforward equal-
izer coefficients of the complete system, matrix containing the time-invariant symbol-
spaced feedback equalizer coefficients of the complete system, matrix containing the
time-varying fractionally-spaced feedforward equalizer coefficients of the complete
system, matrix containing the time-varying fractionally-spaced feedback equalizer coef-
ficients of the complete system

x[kl, xp [k], xr.[k], X1, (K], X1, [K], XLC [k] Vector containing the current transmitted symbol of
all transmit antennas, vector containing the current and L — 1 previous transmitted
symbols of all transmit antennas, vector containing the current and Lc — 1 previous
transmitted symbols of all transmit antennas, vector containing the current and Lp — 1
previous transmitted symbols of all transmit antennas, vector containing the current
and Lt — 1 previous transmitted symbols of all transmit antennas, vector containing the
current and Lc — Q previous transmitted samples of all transmit antennas

x1r[I1r], X1r, X1 Vector containing the /1 th transmitted training symbol of all transmit anten-
nas, vector containing all transmitted training symbols of all transmit antennas, vector
containing all transmitted training samples of all transmit antennas

X1y, X1r Toeplitz matrix containing all transmitted training symbols of all transmit antennas,
Toeplitz matrix containing all transmitted training samples of all transmit antennas

XTr, LT[k]’XTr, LT[]C] Vector containing the current and Lt — 1 previous transmitted training
symbols of all transmit antennas, vector containing the current and Lt — 1 previous
transmitted training samples of all transmit antennas

ylkl, yr.[k], yr.[k] Vector containing the current received symbol of all receive antennas,
vector containing the current and Ly — 1 previous received symbols of all receive anten-
nas, vector containing the current and Ly — 1 previous received symbols of all receive
antennas

yikl, yi, k], yi [k, ¥ (K], Ve, . [k] Vector containing the current received sample of all re-
ceive antennas, vector containing the current and Lg — Q previous received samples
of all receive antennas, vector containing the current and Lc — Q previous received
samples of all receive antennas, vector containing the current and Ly — Q previous re-
ceived samples of all receive antennas, vector containing the samples and symbols for
decision-feedback equalization
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Lengths of Discrete-Time Finite-Length Signals and Filters

L, L Length of the wireless channel impulse response in symbols, length of the wireless
channel impulse response in samples

Lc, Lc Length of the composite, including linear transmit and receive filter characteristics,
channel impulse response in symbols, length of the composite channel impulse re-
sponse in samples

LC,RX Length of the extended receive filter channel impulse response in samples

Lp, Lp Length of the combined channel impulse response of wireless channel and receive
filter characteristic in symbols, length of the combined channel impulse response of
wireless channel and receive filter characteristic in samples

Lg, Lg mny Lg Number of symbols between two channel estimates, number of symbols after
which the channel estimate between transmit antenna » and receive antenna m has
been shifted by one symbol, number of samples between two channel estimates

Ly, Lg, Ly Length of the feedforward part of the equalizer in symbols per antenna, length of
the feedforward part of the equalizer in samples per antenna, length of the feedback
part of the equalizer in symbols per antenna

L; Number of samples over which the channel is approximately time invariant
Lp Length of the pulse-shaping filter

Lt, Lz Length of a block of transmit symbols per antenna, length of a block of receive samples
per antenna

Ltx,ny Lrx,m» LTX,,Z, LRX,m Length of the impulse response characteristic of the nth transmitter
front end in symbols, length of the impulse response characteristic of the mth receiver
front end in symbols, length of the impulse response characteristic of the nth transmitter
front end in samples, length of the impulse response characteristic of the mth receiver
front end in samples

Ltxy LRy LTy LRx Maximum length of the impulse response characteristic among all trans-
mitter front ends in symbols, maximum length of the impulse response characteristic
among all receiver front ends in symbols, maximum length of the impulse response
characteristic among all transmitter front ends in samples, maximum length of the
impulse response characteristic among all receiver front ends in samples

Lty Length of the training signal in symbols

Adaptive Filter Quantities

Cialk] Time-varying correlation matrix of the colored noise processes, between all antennas,
of length Ly per antenna
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Ca e Correlation matrix of the sampling phase variation model of the mth antenna

C [k] Time-varying correlation matrix of the training signals, between all antennas, of

XTr, L1
length Lt per antenna

C,-,[.‘R [k] Time-varying correlation matrix of the received samples, between all antennas, of
length Ly per antenna

Gy vy [k] Time-varying crosscorrelation matrix of the received samples, between all trans-
mit antennas and receive antennas, of length Ly per antenna with the transmitted
training symbols of length Lt per antenna

My Mopt,cFO, Mopt,sro Misadjustment of the adaptive filter, misadjustment of the adaptive
filter with optimal step size for the CFO-only case, misadjustment of the adaptive filter
with optimal step size for the SFO-only case

My [1, M2, Hopt,CFO» Mopt,sFo  Step size of the adaptive filter, step size option one when no infor-
mation is available, step size option two when no information is available, optimal step
size in the CFO-only case, optimal step size in the SFO-only case

Admax Maximum carrier phase variation per sample

APmaxy APmax Tx» APmaxrx Maximum sampling phase variation per sample, maximum sam-
pling phase variation per sample on the transmitter side, maximum sampling phase
variation per sample on the receiver side

7 Convergence time of the adaptive filter
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Abbreviations

ADC analog-to-digital converter
AWG arbitrary waveform generator

CDF cumulative distribution function
CFO carrier frequency offset
CRB Cramér-Rao bound

DA data-aided

DAC digital-to-analog converter
DD decision-directed

DFE decision-feedback equalizer
DFT discrete Fourier transform

ENOB effective number of bits
FE front end

i.i.d. independent and identically distributed
i.u.d. independent and uniformly distributed
ISI intersymbol interference

LMS least-mean-squares
LO local oscillator

LoS line-of-sight

LS least-squares

MAP maximum-a-posteriori
MIMO multiple-input and multiple-output
ML maximum-likelihood

MMSE minimum-mean-square-error
mmWave millimeter-wave
MSE mean squared error

NDA non-data-aided
NLoS non-line-of-sight

PDF probability density function
PLL phase-locked loop

PMF probability mass function
PN phase noise

ppm parts-per-million

RMS root-mean-square
RTO real-time oscilloscope
Rx receiver

SDoF spatial degrees of freedom
SER symbol error rate

SFO sampling frequency offset

SISO single-input and single-output
SNR signal-to-noise ratio

Tx transmitter
TxRx-ST transmitter-receiver space-time

w.r.t. with respect to
WL widely-linear
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