CHANNEL PREDICTION
FOR MOBILE MIMO
WIRELESS
COMMUNICATION
SYSTEMS

BY

RAMONI O. ADEOGUN

A thesis
submitted to the Victoria University of Wellington
in fulfilment of the
requirements for the degree of
Doctor of Philosophy

in Engineering.

Victoria University of Wellington
2015






Abstract

EMPORAL variation and frequency selectivity of wireless channels con-
T stitute a major drawback to the attainment of high gains in capacity
and reliability offered by multiple antennas at the transmitter and receiver
of a mobile communication system. Limited feedback and adaptive trans-
mission schemes such as adaptive modulation and coding, antenna selection,
power allocation and scheduling have the potential to provide the platform
of attaining the high transmission rate, capacity and QoS requirements in
current and future wireless communication systems. Theses schemes require
both the transmitter and receiver to have accurate knowledge of Channel
State Information (CSI). In Time Division Duplex (TDD) systems, CSI at
the transmitter can be obtained using channel reciprocity. In Frequency Di-
vision Duplex (FDD) systems, however, CSI is typically estimated at the
receiver and fed back to the transmitter via a low-rate feedback link. Due to
the inherent time delays in estimation, processing and feedback, the CSI ob-
tained from the receiver may become outdated before its actual usage at the
transmitter. This results in significant performance loss, especially in high
mobility environments. There is therefore a need to extrapolate the varying
channel into the future, far enough to account for the delay and mitigate the
performance degradation.

The research in this thesis investigates parametric modeling and predic-
tion of mobile MIMO channels for both narrowband and wideband systems.
The focus is on schemes that utilize the additional spatial information of-
fered by multiple sampling of the wave-field in multi-antenna systems to
aid channel prediction. The research has led to the development of several

algorithms which can be used for long range extrapolation of time-varying



channels. Based on spatial channel modeling approaches, simple and efficient
methods for the extrapolation of narrowband MIMO channels are proposed.
Various extensions were also developed. These include methods for wideband
channels, transmission using polarized antenna arrays, and mobile-to-mobile
systems.

Performance bounds on the estimation and prediction error are vital when
evaluating channel estimation and prediction schemes. For this purpose, an-
alytical expressions for bound on the estimation and prediction of polarized
and non-polarized MIMO channels are derived. Using the vector formulation
of the Cramer Rao bound for function of parameters, readily interpretable
closed-form expressions for the prediction error bounds were found for cases
with Uniform Linear Array (ULA) and Uniform Planar Array (UPA). The
derived performance bounds are very simple and so provide insight into sys-
tem design.

The performance of the proposed algorithms was evaluated using stan-
dardized channel models. The effects of the temporal variation of multipath
parameters on prediction is studied and methods for jointly tracking the
channel parameters are developed. The algorithms presented can be uti-
lized to enhance the performance of limited feedback and adaptive MIMO

transmission schemes.
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CHAPTER 1. INTRODUCTION

Introduction

CCURATE knowledge of time-varying wireless channel characteristics is
A important for current and future wireless communication systems where
the channel power may vary by several orders of magnitude over a very short
spatial distance traveled by the mobile terminal. For instance, it was shown in
[148] that CSI is vital to the realization of the full potential of using Multiple-
input multiple-output (MIMO) techniques in wireless systems. The transmit-
ter also requires CSI for link adaptation (e.g., modulation scheme adaptation
and power allocation, scheduling, pre-equalization, adaptive transmit an-
tenna selection and precoding [37, 40, 203, 215|). Erroneous CSI often results
in wasted power, high bit/symbol error rates and non-optimal throughput.
In order to efficiently utilize these adaptive transmission methods, knowledge
about the current as well as future channel condition is neccessary. Radio
channel prediction is therefore an important technique for the realization of

the potential of these transmission schemes.

This chapter presents an introduction to the MIMO wireless channel pre-

diction problem considered in this thesis. We begin with a brief introduction



1.1. INTRODUCTION

and motivation in Section 1.1 followed by a survey of MIMO prediction lit-
erature in Section 1.2. Section 1.3 presents an overview of methods for radio
channel prediction. We then present a summary of the author’s contributions
in Section 1.5. A list of the author’s publications is presented in Section 1.4.

Finally, we present an outline of the thesis structure in Section 1.6.

1.1 Introduction

Wireless mobile communication has witnessed a tremendous growth in the
number of users, data rate requirements and coverage over the last several
years. As the demand for data rate and system throughput increases, re-
searchers and system designers need to develop efficient methods to meet
the demand at reasonable complexity and cost. A common approach is
to increase the bandwidth and improve the system’s bandwidth utilization
giving rise to a wideband frequency selective channel [120,124]. Multipath
propagation, however, limits the gains that can be obtained from increased
bandwidth. The need to utilize the spatial dimension of the propagation en-
vironment has resulted in systems deploying multiple antennas at both the
transmitter and receiver, providing multiplexing and diversity gains. These
are generally referred to as MIMO systems and have been shown to theoret-
ically exhibit a linear relationship between channel capacity and number of
antennas |26, 62.

The combination of MIMO communication with Orthogonal Frequency
Division Multiplexing (OFDM) [114] digital modulation is a technique for
achieving high spectral efficiency and high data-rate transmission over mo-
bile frequency selective channels [163]. It is being deployed in current and
future wireless standards such as 3GPP LTE and LTE Advanced [54], IEEE
802.16e (WiMAX) [5, 58| and B3G. Recent capacity achieving MIMO-OFDM
based transmission schemes such as adaptive MIMO precoding [207], adap-
tive coding and modulation [149], adaptive multiuser resource allocation and

scheduling [103, 107] and various forms of codebook and non-codebook based

4



CHAPTER 1. INTRODUCTION

limited feedback MIMO schemes [41,121,216] can achieve high QoS and
throughput for mobile wireless systems. An illustration of a feedback based
linear precoded MIMO system is shown in Fig. 1.1, where the receiver es-
timates the CSI, quantizes it and sends the quantized channel back to the
transmitter. These schemes alter the modulation scheme, subcarrier power
allocation, eigenmode, and/or selected antenna(s) based on the CSI and as
such require both the transmitter and receiver to have accurate knowledge of
the channel state information. In TDD systems, channel reciprocity is used
to obtain CSI at the receiver. In FDD systems, however, CSI is estimated at
the receiver and some quantized form of the CSI is fed back to the transmit-
ter via a low rate feedback link. In practical MIMO systems, feedback delay
is inevitable due to delays in estimation, processing and feedback. The CSI
may become outdated before its actual usage at the transmitter, resulting
in high performance degradation especially in high mobility environments.
The effects of using imperfect CSI in adaptive and limited feedback MIMO
systems have been studied extensively in [61,139,142,151] In [191], the ef-
fects of channel aging on massive MIMO systems was studied. The authors
showed that outdated CSI degrades the performance of massive MIMO sys-
tems. Prediction of the CSI into the future has therefore, been recognized
has an effective technique of mitigating the performance degradation due to
feedback delays [57,72, 156].

Although several studies have been reported on the prediction of nar-
rowband [125, 140, 143,187,193, 227| and frequency selective MIMO chan-
nels [71,99, 176, 204, the majority have been based on classical Single-Input
Single-Ouput (SISO) methods which treat the MIMO channel as a number
of parallel links. These approaches are sufficient when there is no correlation
between antennas in MIMO systems since the knowledge about an indepen-
dent signal cannot be used to improve the extrapolation of a signal. However,
as a result of spacing constraints in practical MIMO systems, spatial corre-
lation is an inevitable phenomenon [70,88,177|. Moreover, the performance

of these methods are bounded by those of the SISO schemes upon which
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they are based. Analytical and simulation results on SISO prediction have
proven that with dense scattering, SISO channels can only be predicted over
a very short distance. In the order of tenths of a wavelength depending on
the environment and propagation scenarios. The bound on SISO channel
prediction error in [190] indicates that channel prediction schemes require
CSI over several wavelengths in order to accurately predict the channel and
that prediction beyond a wavelength is not realistic, particularly in practical
cases where the stationarity assumption does not hold long enough relative
to the length of observation.

The Cramer Rao bound (CRB) on the prediction error of MIMO channels
[189] and MIMO-OFDM channels [108-110] indicate that better prediction
can be obtained by utilizing the spatial parameters of the MIMO channel.
The CRB results show that reliable prediction of at least several wavelengths
is achievable in MIMO channels. For instance, with a measurement segment
length of 10\, the prediction length (defined as the maximum prediction
horizon for which the average normalized prediction error is less than 0.05)
obtained from the CRB increases from about 0.25 X for a SISO channel to
about 10 A and 30 A for 2 x 2 and 3 x 3 MIMO channels, respectively. The
development of algorithms which utilize the spatial structure of the MIMO
channel to aid prediction is however still an open problem despite the huge

gain that is expected.

1.2 MIMO Channel Prediction: A literature

Survey

The problem of channel prediction for flat-fading SISO channels has been
studied extensively in the past. In [45,46,56,57,60,72,76,80,91,93, 142,
151], the narrowband SISO channel is modeled as an autoregressive (AR)
process of a particular order and a linear predictor that minimizes the mean

squared error (MSE) is used to predict future channel states using past esti-

6



CHAPTER 1. INTRODUCTION

- g T
TRANSMITTER | : RECEIVER —ﬁk]
W[—kr _L\{ h

TF[k]

PRECODER
SELECTION

t

QUANTIZATION

csl

Figure 1.1: Block diagram of a N x M limited feedback linear precoded
MIMO system.

mates. These schemes consider the time-varying channel as a stochastic wide
sense stationary (WSS) process and use the knowledge of the temporal auto-
correlation function for prediction without explicitly modeling the physical
scattering phenomenon causing the fading. Since the temporal autocorrela-
tion function may be time-varying in practical scenarios, adaptive filtering
methods such as recursive least squares (RLS) [56, 132], QR-decomposition
based RLS, least mean squares (LMS) [8,95,206] and Kalman filtering [175]
have been proposed to track the temporal evolution of the AR parameters.
The AR prediction methods have also been applied to frequency-selective
SISO channels [117,205].

Other researchers, [24, 118,195, 214] have used the Parametric Radio Chan-
nel (PRC) approach where the fading channel is modeled as a sum of a finite
number of plane waves. Parameter estimation algorithms are used to esti-
mate the number of scattering sources and angles of arrival, and the channel
is predicted using the model. A comparative study on different fading pre-
diction methods for SISO channels using both synthetic and measured data
is presented in [169].

The possibility of predicting multi-antenna channels was first investigated

in [27] through an evaluation of downlink beamforming with channel predic-
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tion. It was shown that channel prediction improves the MISO smart antenna
system performance, as a consequence of the wavefield structure revealed

through multiple sampling.

The design of multipath prediction schemes for narrowband and wide-
band MIMO systems has been a focus of research in recent years. MIMO
prediction schemes can be broadly classified into: codebook based precoder
prediction and non-codebook based CSI prediction. The codebook based
prediction schemes [43,87| predict the precoder for the next transmission
frame using linear prediction on the precoding vector. A method for pre-
dicting channel direction information (CDI) on the Grassmanian manifold
using the concept of tangents, parallel transport and geodesic interpolation
is presented in [42,44]. Other codebook based schemes adopt Givens rota-
tion to transform the precoding matrix and perform prediction on the Givens
parameter [68]. These schemes are limited to the prediction of the predic-
tion and/or CDI one step ahead and the channel model is often assumed
to be independent and identically distributed (i.i.d). Non-codebook based
prediction schemes predict the actual CSI using either autoregressive model-
ing [31, 32] and parametric model based SISO approaches [125, 188,193]. In
[226], an adaptive radio prediction method is proposed for frequency-selective
MIMO channels. The method treats the channel between each antenna pair
as independent SISO channels and exploits only temporal statistics for pre-
diction. The MIMO-OFDM channel extrapolation schemes in [100, 101, 133|
treat each subcarrier as a flat-fading SISO and again utilize only the tempo-
ral structure of the channel. These direct application of SISO methods do

not fully utilize the spatial and temporal correlations present in the channel.

The potential gain in utilizing the spatial structure of a narrowband
MIMO was illustrated in [189] using AR modelling for the prediction of a
beamspace transformed CSI and an inverse transformation was performed on
the predicted CSI. They argue that the transformation reduces the effective
number of rays present in the channel which ultimately results in improved

prediction. A similar approach based on ray canceling, which attempts to
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overcome an ill-conditioning problem with the beamspace transformation ap-
proach was presented in [143]. It was however, assumed that the Angle of
Arrival (AOA) and Angle of Departure (AOD) of the dominant paths are
known perfectly. This assumption is unrealistic for practical applications. In
[204], a 2-step prediction method is presented which exploits the temporal
and spatial correlations. This approach uses a time-domain SISO MMSE fil-
ter to each entry of the MIMO channel, followed by a spatial MMSE filtering
which exploits the temporal correlation to refine the channel estimates. The
spatio-temporal filtering approach is extended to MIMO-OFDM channels in
[119].

As indicated in [189] while deriving bounds on the prediction of MIMO
channels, parametric radio channel model based schemes are possible ap-
proaches for exploiting both the temporal and spatial correlation to improve
channel prediction. However, no prediction method was presented and there
has been no such method in the open literature to the best knowledge of the

author.

1.3 Channel Prediction Methods

Channel prediction algorithms are fundamentally based on the principle of
analyzing and forecasting the channel by utilizing knowledge of current and
past CSL. In order to predict the future CSI samples using past channel
estimates, a model is used to capture the dynamics of the fading channel.
Given a set of channel estimates the slowly varying (often assumed quasi-
stationary) parameters of the model are estimated, and the future CSI is
then predicted using the model. An illustration of the generalized prediction
concept is shown in Fig. 1.2. Existing schemes can be broadly categorized
into: (a) Parametric radio channel model, (b) AR model and (c) bandlimited

basis-expansion. A brief discussion of these methods is given in this section.
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Figure 1.2: Tllustration of CSI prediction concept. (a) Block diagram showing
the general prediction procedure which involve channel estimation, model
parameter extraction from the noisy channel estimates and CSI extrapolation
using the model with the estimated parameters and (b) A plot of typical
channel fading envelope showing prediction (the red line in (b)) of the CSI
beyond the estimated segment (the blue line in (b)).

1.3.1 Parametric Radio Channel Model

Fading prediction methods based on the PRC model or Sum of Sinusoids
(SOS) model [147,150] are widely used in channel prediction studies. In-
tuitively, the PRC is an obvious approach for channel extrapolation. The
PRC methods are based on the observation that the underlying multipath
parameters causing fading vary much more slowly than the actual channel
itself and that if these parameters are known, the channel can be extrap-
olated into the future. This approach models the fast fading channel as a
superposition of a finite number of complex exponentials each having differ-
ent amplitudes, Doppler frequencies and phases. Super-resolution spectral
estimation methods are applied to estimate the Doppler frequencies asso-
ciated with the complex exponentials after which, a least square fit to the
known channel is utilized to estimate the amplitudes. These methods have
been used extensively in the prediction of SISO channels in [24,93,117,195].
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The commonly used methods for PRC model parameter estimation are the
Estimation of Signal Parameters via Rotational Invariance Techniques (ES-
PRIT) [126, 158, 159] and Root-MUSIC [93]. The SISO schemes were applied
to the prediction of MIMO channels in [193] and multiuser MIMO channel
in [176]. Note that direct application of SISO schemes to MIMO channels is

not optimal since the spatial structure of the channel is not utilized.

1.3.2 Autoregressive Model Based Prediction

Another class of commonly used schemes for fading channel prediction are the
autoregressive (AR) models [30, 96, 184|. These schemes are based on the idea
that the future behavior of the multipath channel can be predicted using a
weighted linear combination of past estimates [57]. The weights (co-efficients
of the model) are usually computed in order to minimize the Mean Square
Error (MSE) [152|. This requires knowledge of the channel autocorrelation
functions [56]. Since the autocorrelation functions are not known in practice,
they are typically estimated from available noisy channels estimates via a
solution of Yule Walker equations [30]. In 31,167, 169], the Burg method was
used in computing the AR coefficients. Other methods such as the covariance
and modified covariance methods [184] have also been used in [169]. Although
AR models have been used extensively in the study of prediction for SISO
channels [57], the scheme have been shown to be highly sensitive to noise!,
making even short term fading prediction challenging [64]. Moreover, the
problem of error propagation? makes this approach unattractive for long
range fade prediction.

A common approach for the prediction of MIMO channel in literature is

Noise sensitivity is often minimized by oversampling the channel, which in effect in-
creases the Signal-to-Noise Ratio (SNR).
2Error propagation is a consequence of the fact that AR modeling of a discrete chan-

nel is usually formulated for single-step prediction using a linear extrapolation approach.
Typically, prediction further steps ahead is achieved by re-using the extrapolated channel

samples at previous time instants.
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to treat the channel as parallel SISO channels and apply a separate MMSE
predictor to each of the channels [32]. This approach is not optimal as it only
utilizes the temporal correlation of the individual SISO channels. Multichan-
nel linear prediction was however used in [32] for the prediction of MIMO
channels using measurement data. This approach used vector AR models to
explore the spatial correlation of the MIMO channel. Although the multi-
channel AR approach was shown to outperform repeated application of SISO
AR models, the high computational complexity which grows with increasing

number of antennas makes it unattractive in practice [32].

1.3.3 Bandlimited Basis Expansion

Multipath prediction using the concept of bandlimited signal extrapolation
is based on the idea that the signal can be decomposed into a summation
of appropriate basis functions. The known segment of the signal is used to
evaluate the basis functions which are then used in the model for prediction.
In [202]|, a modal decomposition of a flat-fading SISO multipath wavefield
based on the physical wave propagation equation was used to decompose the
channel and extrapolate outside the known region. In [122,223-225], the
basis expansion of time-concentrated and bandlimited sequence is evaluated
using the temporal autocorrelation of the channel and the extrapolated basis
functions are used to predict future states of the channel. These methods are
based on expansion of the channel using an appropriate basis function. In
[166], the Fourier basis expansion was used to decompose the time-varying
channel. It was however shown in [224] that Fourier bases suffer from the
spectral leakage problem that is associated with rectangular windows. The
Slepian bases (i.e., Discrete Prolate Spheroidal Wave Sequences (DPSS))
were shown to provide better representation of the time-variant channel.
Although this approach was shown to yield good predictions using synthetic
data, there have been very few results on real measurement, and application

to the prediction of MIMO channels is still an open problem.
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1.4 List of Publications

The content of this thesis has been published, accepted or submitted for

publication in the papers listed below.
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2013.
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2013, pp. 1-5

3. ——, " Nowel Algorithm for Prediction of Wideband Mobile MIMO Wire-
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4. ——, " Parametric Channel Prediction for Narrowband MIMO Systems
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5. ——, "Asymptotic Error Bounds on Prediction of Narrowband MIMO
Wireless Channels”, IEEE Signal Processing Letters, vol. 21, no. 9,
2014, pp. 1103 - 1107

6. ——, " Extrapolation of MIMO Mobile to Mobile Wireless Channels Us-
ing Parametric Model Based Prediction”, IEEE Transactions on Vehic-
ular Technology, vol. PP, issue 99, Nov. 2014

7. ——, 7 An Asymptotic Bound on Estimation and Prediction of MIMO-
OFDM Wireless Channels”, IEEE Transactions on Vehicular Technol-
ogy, 2014 (under revision)
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8. ——, 7 Parametric Schemes for Prediction of Wideband MIMO Wire-
less Channels”, IEEE Transactions on Signal Processing (under revi-

sion)

1.5 Contributions

The contributions of the author in the field of channel prediction for mobile

MIMO system is summarized as follows:

¢ Bandlimited channel extrapolation: Using the bandlimited prop-
erty of wireless channels, we investigate the prediction of narrowband
MIMO channel using bandlimited extrapolation techniques. Results
obtained from our experiments showed very good prediction perfor-
mance particularly for short range prediction, but this approach is not
explored further in this research due to the difficulty in finding ways
of utilizing the spatial information offered by multiple sampling of the
channel in multiantenna systems. Motivated by the unique properties
and importance of prolate spheroidal wave functions (PSWF) in ban-
dlimited extrapolation, a solution of PSWF in 2D is derived in the
earlier stage of this research. Using the properties of 2D discrete pro-
late spheroidal wave sequences (DPSS), a method is developed for the
extrapolation of frequency selective channels based on the Doppler and
delay bandwidths.

e Narrowband MIMO prediction using parametric modeling: A
number of parametric channel predictors are proposed based on spatial
modeling of the double directional channel model, where the channel is
defined in terms of angles of arrival, angles of departure, and Doppler
frequencies. A novel method for transforming the channel matrix is
proposed to enable joint extraction of the channel parameters using
subspace based methods. The predictors are named MEMCHAP (Mul-
tidimensional ESPRIT based MIMO CHAnnel Predictor), Transmit
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Spatial Signature Model (TSSM)-MEMCHAP, Receive Spatial Signa-
ture Model (RSSM) -MEMCHAP and Matrix Spatial Signature Model
(MSSM)-MEMCHAP. The performance of these predictors approaches
the bound with increasing SNR and/or measurement segment length.
The proposed predictors are extended to MIMO propagation using po-
larized antenna arrays and 3D propagation, where the elevation angular

parameters are also extracted in addition to the azimuth parameters.

e Wideband MIMO prediction using parametric modeling: The
proposed predictors for narrowband MIMO channels are extended to
wideband MIMO-OFDM channels where the delay resolutions of the
system allow for the extraction of the delays. Similar to the narrowband
schemes, the predictors for wideband channels are named WIldeband
MEMCHAP (WIMEMCHAP), TSSM - WIMEMCHAP, and MSSM-
WIMEMCHAP. Motivated by the cluster based modeling approach in
recent standardized channel models, cluster based approaches are also
proposed. As in the narrowband case, extensions to 3D scenarios and
polarized channels are also explored. Experiments using synthetic data

indicate that the proposed predictors are asymptotically efficient.

e Mobile to mobile MIMO channel prediction: Mobile to mobile
channels exhibit more significant variation and statistics when com-
pared to fixed to mobile channels. Motivated by the difference in the
modeling of mobile to mobile channels, we extended the prediction

concept for fixed to mobile channels to M2M channels.

e Performance bounds on the prediction of MIMO channels:
Motivated by the benefits of having bounds upon which the perfor-
mance of MIMO multipath parameter estimation and CSI prediction
algorithms can be compared, bounds on the mean square error for
channel estimation and prediction in both narrowband and wideband

systems are derived in this thesis. The bounds are obtained using the
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vector formulation of the deterministic Cramer- Rao bounds for func-
tions of parameters. Similar expressions are also derived for polarized
narrowband and wideband channels as well as polarized and mobile-to-
mobile MIMO channel. The resulting bounds are simple closed-form
expressions that are readily interpretable and show the effects of vari-

ous propagation and system parameters on the achievable performance
in both narrowband and wideband MIMO channels.

e Velocity estimation in Mobile to Mobile channels: Based on the
parametrized model for mobile to mobile channels and the estimated
channel parameter, a simple scheme for extracting the velocities of the

transmitter and receiver is proposed.

e Multiple invariance subspace tracking: Based on the projection
alternating subspace tracking (PAST), this thesis proposes a method
for jointly tracking MIMO channel parameters (AOA, AOD, Doppler
frequency and/or delay).

| MIMO CHANNEL PREDICTION |

[PART I: BACKGROUND| [PART 1I: CONTRIBUTIONS

CHANNEL PREDICTION PERFORMA((’;IP?EB?OUND

PARAMETRIC MODE BANDLIMITED DYNAMIC MODEL BASED
BASED EXTRAPOLATION (AP. A) (Ch. 9)

NARROWBAND WIDEBAND M-TO-M POLARIZED
SYSTEMS (Ch. 4)| [SYSTEMS (Ch. 5 SYSTEMS (Ch. 6) SYSTEMS (Ch. 7)

Figure 1.3: Graphical illustration of thesis outline and contributions.

INTRODUCTION|  [CHANNEL MODELS| PARAMETER ES
Ch.1 (Ch. 2) (Ch.3)
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1.6 Structure of the Thesis

The general organization of the thesis is illustrated in Fig. 1.3. The remaining

part of the thesis is structured as follows:

e MIMO propagation channel: In Chapter 2, we introduce the con-
cept of multipath transmission and MIMO channel modeling and present
standardized channel models that will be used in evaluating the pro-

posed schemes in later part of the thesis.

e Parameter estimation: The focus of Chapter 3 is to present a review
of parameter estimation methods that are considered in the develop-
ment of schemes for MIMO channel prediction along with an introduc-

tion to the Cramer Rao lower bound.

e Narrowband MIMO Prediction: In chapter 4, we present the para-
metric algorithms developed in this thesis for narrowband MIMO chan-

nels along with extensions to 3D propagation environments.

e Wideband MIMO Prediction: Chapter 5 gives the extension of
our prediction approaches to doubly selective MIMO channels. Exten-
sions to polarized wideband MIMO channels are also discussed in this

chapter.

e Mobile-to-Mobile Channel Prediction: Chapter 6 presents parametriza-
tion of mobile-to-mobile channels along with an adaptation of our pre-

diction concept to mobile-to-mobile scenarios.

e Application to Polarized MIMO Channel: Extensions of the pre-
diction concept in Chapters 4 and 5 to polarized narrowband and wide-

band channels are presented in Chapter 7

e Performance Bounds in MIMO Prediction: In chapter 8, we
derive expression for the prediction error bound and asymptotic pre-

diction error bound in narrowband and wideband MIMO channel.
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e Dynamic Modeling and Multiple Invariance Subspace Track-
ing: Chapter 9 presents our investigations on modeling temporal vari-
ation of propagation path parameters and develops a framework for
jointly tracking the channel parameters based on multidimensional ex-

tension of subspace tracking methods.

e Conclusion and Future Research: In chapter 10, we present a

summary of our research findings and identify areas for future research.

¢ Bandlimited signal extrapolation: Appendix A presents our in-
vestigations, methods and results on the prediction of MIMO channels

using bandlimited extrapolation techniques.

1.7 General Comments

e The words We and Our as used throughout this thesis refer to the
author in consultation with his PhD supervisors - Assoc. Prof. Paul

Teal and Dr. Pawel Dmochowski.

e A Cluster refers to a group of rays with different angular parameters
and a common time delay. The term cluster is used interchangeably
with path in this thesis.

e The terms Ray and sub-path are used to refer to a single propagation

path from the transmit array to the receive antenna.
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MIMO Propagation Channel

IRELESS communication systems with multiple antennas at both the
W transmit and receive end of the link have become very popular within
the last two decades [26,49,62]. This is due to the possibility of utiliz-
ing the spatial degrees of freedom offered by multiple antenna elements to
increase spectral efficiency, improve link reliability and mitigate interfer-
ence. Recently, MIMO techniques have been adopted in current and future
standardizations such as WIMAX [5], 3GPP LTE, IEEE 802.11n [65], and
LTE-Advance [54]. In order to fully characterize the performance of MIMO
systems under multipath propagation conditions, realistic physical channel
models are required. The development of adequate spatial channel models
for MIMO systems is currently the focus of both academic and industry re-

search and several standardized models have been developed. These include
3GPP SCM [2|, SCME [36,137|, WINNER I/II [106] and COST 273 [52].

The aim of this chapter is to present an overview of multipath propagation
and modeling approaches for mobile MIMO systems along with a description

and implementation of standardized models that will be used in the later
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part of this thesis. For further reading on multipath propagation and MIMO
modeling, see [148, 165, 192|. Detailed description of the standardized models
can be found in [29, 50, 106, 135].

2.1 Radio Propagation on Multipaths

In wireless mobile systems, signals are transmitted as electromagnetic waves
from the transmitter to the receiver. As a result of several phenomenon
such as reflection, refraction, scattering and absorption [165] inherent in the
propagation environment, the signals travel through two or more paths be-
fore reaching the receiver. These paths are each characterized by different
complex amplitude, delay of arrival, angle of departure (AOD), and angle
of arrival (AOA). The superposition of signals from these paths at the re-
ceiver can result in either constructive or destructive interference causing the
channel envelop to exhibit peaks or deep fades. The effects of these environ-
mental impairment of the wireless transmission channel is generally termed
multipath fading.

Depending on the time scale, multipath fading can be classified into: path
loss, large-scale (slow) fading, and small-scale (fast) fading. Propagation
path loss results from the attenuation of signal power with distance which
is characterized using empirical models. Some of the commonly used path
loss models are Hata and Okumura models [170]. Large scale fading result
from shadowing effects of large scattering sources. This slow variation causes
signal power to vary slowly around the mean and is generally described by a
log-normal distribution [154]. Fast (or small scale) fading, on the other hand
results from rapid variations of the phases of signal from multiple paths. The
major factors contributing to this fast variation are multipath and movement
of the transmitter, receiver and /or the scattering sources. These two physical
phenomenon introduce frequency and temporal dispersion to the channel. In
this section, we introduce the basics of multipath channel propagation along

with some important characteristics.
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Figure 2.1: Typical mobile multipath propagation channel.

2.1.1 Multipath Transmission

A typical mobile propagation channel where the received signal at the mo-
bile terminal comprises of reflected, diffracted and scattered versions of the
transmitted signal is shown in Fig. 2.1.Fading in radio propagation is caused
by constructive or destructive interference between two or more versions of
the transmitted signal, each arriving at the receive antenna with different
relative delays. These multipath signals combine vectorially to form a re-
sultant signal which may vary in both amplitude and phase depending on
the transmission bandwidth, signal power and relative propagation delays
of the arriving waves. In scenarios where the mobile terminal is stationary,
fading may occur due to movements in the scattering medium [154]. Multi-
path fading may be considered as a purely spatial phenomenon if it results
from the movement of only the mobile station (i.e., with a static propagating
medium). However, the spatial variations of the received signal are observed

as temporal variations by the mobile station as it moves through space.

2.1.2 Doppler Dispersion

Doppler frequency spread is an important measure for characterizing the
time varying nature of a wireless channel. Doppler shift is the frequency

variation which occurs due to the relative motion between the mobile terminal
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Figure 2.2: Hlustration of Doppler frequency shift.

and scatterers in the propagating medium and is dependent on the mobile
velocity, direction of motion and the relative direction of arrival of each signal.
Figure 2.2 illustrates the concept of frequency shift due to mobility for a
station traveling with constant velocity, v from point C' to D and a moving
scatterer with velocity v in the direction of motion of the mobile station.

The phase difference between the signal at point C' and D is given by [69]
A¢p = kAl = kvAt cos 6 (2.1)

where k = 27/\ is the wavenumber. The Doppler frequency (in rad/sec) is

thus [192] Ao 2 ;
TV COS

At
The Doppler frequency w can either be negative or positive depending on

W (2.2)

the direction of motion of the mobile station relative to the signal direction
of arrival, causing the received signal frequency to vary between w. — w and

We + Wy.

2.1.3 Delay Dispersion

The difference between the time of arrival of the scattered, reflected and/or

refracted versions of a multipath signal in wireless propagation is character-
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ized by the delay/time dispersive properties of the channel. These properties
are typically described by the mean excess delay (7) and the root mean
square (RMS) delay spread [192]. The mean excess delay is defined as the
first moment of the power delay profile (PDP), thus

25:1 ApTy
25:1 Ay

where Lambda, denotes the power of the pth path. The RMS delay spread
is defined as the second moment of the PDP

(2.3)

7=

o, =1\/12—(T)? (2.4)

where P
5 _ szl APTZ?
Y1 M
The RMS delay spread is inversely related to the coherence bandwidth (the

range of frequency over which signals are equally attenuated)

(2.5)

1
B, x — (2.6)

or

The coherence bandwidth is often used as the basis for classifying wireless
channel into narrowband (frequency non-selective) or wideband (frequency
selective). In narrowband channels, the transmission bandwidth is less than
the coherence bandwidth of the channel. On the other hand, frequency se-
lective channels occur when the transmission bandwidth is greater than the

channel’s coherence bandwidth.

2.2 Basics of MIMO Channel Modeling

This section presents a brief introduction of MIMO channel modeling along

with the concept of double directional propagation that is commonly used in
MIMO channel models.
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Figure 2.3: Schematic illustration of a MIMO system.

2.2.1 MIMO System Model

Since MIMO systems have multiple antennas at both the transmit and receive
ends of the link (see Fig. 2.3), the channel between all transmit and receive
antenna pairs can be described by an N x M matrix H. For a time-varying
MIMO channel, H(t, 7) is defined as

]’Lll(t, T) ]’ng(t, T) s th(t, T)
H( )= |07 D it 7) (2.7)
th(t,T) hNQ(t,T) hNM(t,T)

where hp,,(t, 7) denotes the time-variant channel impulse response between
the mth transmit and the nth receive antenna elements. Denoting the M X
1 transmit signal vector as x(t) = [z1(t)--- ap(t)]7, the received signal

vector can be defined using (2.7) as

y(t) = /H(t, T)x(t — 7)dT + wW(t) (2.8)

where w(¢) models the effect of noise and interference. Note that if polarized
antenna arrays are considered, each entry of (2.7) is replaced by a polarimet-
ric submatrix, thereby increasing the total number of antennas and hence,
the size of H(¢, 7).
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2.2.2 Double Directional Channel Model

The double directional impulse response of a wireless propagation channel
models the overall effect of the transmit antenna array, transmission medium
and receive antenna array. In the absence of polarization, the double direc-

tional impulse response between the nth receive and mth transmit antenna
is defined as® [23, 69|

R (t, T, 0, @) = Zap T —1,)0(0 — 6,)0(¢ — &) (2.9)

where o, 7,, 0, and ¢, denote the complex amplitude, delay, angle of arrival
and angle of departure associated with the pth path, respectively. If doubly
polarized antennas are used, «, is replaced by a 2 x 2 polarimetric weight
matrix

G, (1) = lgg g{i] (2.10)

9 Ip

where v and h denote the vertical and horizontal polarizations, respectively.
As shown in (2.9), each arrival angle is associated with a corresponding de-

parture angle in the double directional model.

2.3 Mobile MIMO Channel Model

The performance of any mobile wireless communication system is largely de-
pendent on the characteristics of the propagation environment. The inherent
temporal and spatial variations in mobile MIMO wireless channel constitute
a major drawback to the attainment of the theoretical gains of using mul-
tiple antennas. Channel models are developed to simulate the propagation
environment in the development of algorithms for wireless communication

systems. There are several classifications of wireless channel models viz:

IThis is based on the assumption of 2D propagation without account for the elevation

spectrum.
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time-invariant versus time-variant, flat fading (narrowband) versus frequency
selective (wideband), analytical versus physical, and so on.

A wireless channel is said to undergo flat fading if the channel has a
constant attenuation and linear phase over a bandwidth greater than the
transmission bandwidth (i.e., By << B., where By and B, are the transmis-
sion and channel coherence bandwidths, respectively) [192]. In contrast, if
the bandwidth over which the phase is linear and the attenuation is constant
is less than the transmission bandwidth, the channel is said to be frequency
selective.

The major distinction between time-varying and time-invariant channels
is that time-varying channels require characterization of the temporal dy-
namics resulting from movement of the mobile station and/or scatterers.

Analytical MIMO models use a simplistic approach that independently
models the spatial correlation using a user defined correlation matrix and
temporal correlation using the Doppler spectrum. Physical models on the
other hand, are based on the underlying electromagnetic wave propagation
mechanism, and while generally more accurate they require more complex
computation. The focus of this section will be on comparing analytical and
physical MIMO models along with a brief discussion of standardized MIMO
models. Detailed review and literature survey on MIMO channel modeling
can be found in [23].

2.3.1 Analytical Models

Analytical models use mathematical representations to characterize the im-
pulse response of the channel without account of the actual propagation
phenomenon causing the fading. Commonly used analytical models are cor-
relation based. These models characterize the MIMO channel impulse re-
sponse matrix in terms of an independent and identically distributed (i.i.d)
matrix and the spatial correlation between entries of the matrix. Examples of

correlative analytical models are the classical (iid) model, Kronecker model,
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and Weichselberger model [200]. In the classical model, entries of the MIMO
matrix are independently and identically distributed Gaussian random vari-
ables with variance equal to the transmit power?. The Kronecker model is
based on the assumption that the transmit and receive angular spectra are
separable which allows us to separate the transmit and receive correlation

matrices. The MIMO matrix of the Kronecker model is given by [69]
Hyon = RPHjR? (2.11)

where R, = E[HH] and R, = E[HH] are the receive and transmit corre-
lation matrices, Hjiq has i.i.d zero mean Gaussian entries and E[-] denotes the
expectation operator. When R, = R, = p?I, the Kronecker model reduces
to the classical i.i.d Rayleigh channel. The Weichselberger model eliminates
the unrealistic correlation matrix separability assumption in the Kronecker
model [144]. This model is based on the eigendecomposition of the transmit

and receive correlation matrices and the MIMO matrix is given by [200]
Hyei = U, (Q ® Hyq) UL (2.12)

where ® denotes element-wise (Hadamard) multiplication, U, and Uy are
the eigenvectors of the receive and transmit correlation matrix respectively
and (2 is the power coupling matrix which gives the average energy coupling

between the transmit and receive eigenvectors.

2.3.2 Physical Models

Physical MIMO models are based on the electromagnetic wave propagation
mechanism, where the channel is modeled in terms of physical parameters
such as angle of departure (AOD), angle of arrival (AOA), complex attenua-
tion coefficients, antenna location and the carrier frequency. These mod-

els are generally based on the concept of double directional propagation

2Tt should be noted that all propagation effects such as shadowing and path-loss are

absorbed into the variance of the channel.
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[135, 182] between the location of the transmit antenna array and the receive
antenna array. Physical channel models can be classified into Geometry based
stochastic channel model (GSCM), nongeometry based stochastic models and
deterministic models [23]. In the GSCM, the channel is obtained by applying
the electromagnetic wave propagation mechanism to specific transmit array,
receive array and scatterer geometries. The antenna and scatterer geome-
tries are selected randomly. On the other hand, non-geometry based channel
models characterizes the impulse response in a completely stochastic man-
ner. The parameters of the channel (i.e., AOA, AOD, delay, etc) are chosen
based on specified probability distributions, such as Von-Misses, uniform and
truncated Gaussian without the assumption of any antenna and/or scatterer
geometry. In order to distinguish different propagation environments, the
parameters may be estimated for different statistical distributions based on
channel measurements. Deterministic channel models describe the MIMO
channel impulse response in a completely deterministic manner by reproduc-
ing the actual propagation process for the specific environment. Common
examples are ray tracing models [92]. Although these models are generally
accurate, they are largely dependent on propagation environment.

Ray based standardized spatial channel models such as COST 259/273
[135], 3GPP SCM and WINNER II [106] are examples of physical MIMO
models. These are more suitable for the development of fading prediction
algorithms as they are based on realistic channel measurements and allow us

to concentrate on the actual parameters causing the fading.

2.3.3 Standardized MIMO Models

Standardized channel models are essential for the development and evaluation
of algorithms for mobile radio systems. They allow the use of typical system
parameters that are defined within wireless standards in the evaluation of new
algorithms. For example, the 3GPP/WINNER II SCM models are included

in current and future generation MIMO standards within the LTE framework.
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Table 2.1: Summary of standardized channel models.

Channel Model Origin Frequency (GHz) Bandwidth No. of Scenarios
COST 259/273 COST 0.45 -5 100 13/15

SCM 3GPP/3GPP2 2 5 3

SCME WINNER 2-6 20 3

WIN I WINNER I 2-6 100 7

WIN II WINNER IT  2-6 100 17

IEEE 802.11n  IEEE 802.11 2,5 100 6

A summary of selected standardized MIMO channel models is presented in
Table 2.1. Detailed descriptions of the models can be found in [29, 50, 106,
135|. Comparative studies on the WINNER II channel models can be found
in [138] and a comparison of the WINNER and COST channel models is
presented in [136]. The WINNER II model is used in this thesis for evaluating
the performance of the proposed algorithms and will be presented in a more
detail in Section 2.4.

2.4 WINNER II SCM Model

The WIN II model is latest version of channel models developed within IST-
WINNER |1, 3,106]. The model is based on the principle of geometry spatial
channel modeling (GSCM), the drop concept and a generic modeling ap-
proach, where a generic structure is used to describe all scenarios. The WIN
IT model is an extension of previous channel models (WIN I and SCME) and
is related to the COST 259 and the 3GPP-SCM model. The parametriza-
tion of the model is based on several measurements conducted by the five
partners involved in the project. WIN II models have been developed for
seventeen indoor and outdoor scenarios with frequency range 2-6 GHz and
bandwidth up to 100 MHz. A brief discussion of the channel impulse response
and statistical properties of the model, and two scenarios considered for the

simulations in this thesis is presented in this section.
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2.4.1 Channel Model

Figure 2.4 illustrates the modeling concept that is used within the Wireless
World Initiative New Radio (WINNER) framework. The channel between
each pair of transmit and receive antenna is modelled as a summation of
finite number of multipath components (MPCs) referred to as clusters®. The
term cluster will be used throughout the rest of this thesis to refer to a group

of rays sharing a common delay. The MIMO channel matrix is defined as

P

H(t;7) = > Hy(t:;7)d(r —7,) (2.13)

p=1

where P is the number of clusters. The channel for the pth cluster is com-
posed of the transmit array response, S¢, the receive array response, S, and

the propagation channel matrix, F, as

Lt 7) // L(t:7,0, 8)ST(¢)dod¢ (2.14)

For singly polarized propagation, the channel impulse response of the pth
cluster between transmit antenna m and receive antenna n is

Q
hnm t: 7_ Za 6]271'{)\ 1(9p (Frn ) A pqrt m})+wp,qt 5(7— — qu) (215)

q=1

where a4 is the complex attenuation of the gth ray within the pth cluster,
A is the carrier wavelength and () is the number of rays within each cluster.
®,, and 6, , are the unit vectors in the direction of departure and arrival of
the gth ray, respectively. ry,, and r,, are the position vectors of the mth
transmit and nth receive antenna elements, respectively. Finally, w,, and
7pq denote the Doppler frequency and delay of the p, gth ray, respectively.

The model for propagation with doubly polarized antenna array is obtained

3A cluster is defined as a propagation path that is diffused in space, either in the angle

and/or delay domains.
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by replacing «,, in (2.15) with

v (0 T vv vh v
5p,q _ [ r};n( p,q)] [Zif ap,q] [ft,m(¢pﬂ)] (2.16)

r,n(ep,Q) D,q 0‘22 ft},lm(qspﬂ)

where fY, and f! are the nth receive antenna field patterns for the vertical
(v) and horizontal (h) polarizations, respectively. Similarly, fY,, and f{  are

the mth transmit antenna field patterns.

CLUSTER DOD SPREAD

! VELOCITY
é

Figure 2.4: Ilustration of Ray Clustering in WINNER Channel Models.

2.4.2 Correlation Properties

The prediction schemes developed in this thesis depend on the correlation
statistics of the MIMO channel. These properties will be derived here for
the WINNER channel models. Consider a uniform linear array (ULA) with

element spacings, d; and d, at the transmitter and receiver, respectively. The

channel model in (2.15) then becomes*
Q
B (t) _ Z a, q€j27r{(n—1)dr sin 0p,q+(m—1)ds sin ¢p q+vp,qt} (2 17)
qg=1

4Here, we consider a narrowband system and eliminate the dependence of the model

on cluster delays.
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Spatio-Temporal Correlation

The complex spatio-temporal correlation function (STCF) between any two
channel coefficients 2™ and h™"™2 for time interval separated by At is

defined as

(2.18)

Py, ()RE (6 + A
pst(dr,dt,At) _E{ ( ) 2 2( t) }

V By (8) 2 Prngims ()2
where E{-} denotes statistical expectation. Substituting (2.17) into (2.18)
and simplifying yields

P
Pst (dr, dt, At) = Z E {ejk{|("1—n2)|dr sin Op,q+|(m1—m2)|dy Sin‘bp,q‘f"/p,th}} (219)

p=1

Note that the STCF in (2.19) is a function of the AOAs, AODs and Doppler

frequencies. This property will be explored later in this thesis.

Temporal Correlation

The Temporal Correlation Function (TCF), pt, can be obtained from (2.19)
by setting d, = dy = 0, that is

pt(At) = Pst

P
= E{ektratid} (2.20)
p=1

dy=0;d=0

which is dependent only on the Doppler frequencies and the temporal interval.

Spatial Correlation

Similarly, the Spatial Correlation Function (SCF) is obtained from (2.19) as

ps(dra dt) = pst|At:0
P
= ZE{ejk{|(n1—n2)|dr sin 0p, g +|(m1—m2)|ds Sinqﬁp,q}} (2.21)

p=1
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Table 2.2: Correlation properties of spatial channel model and dependence

on channel parameters.

Property STCF TCF SCF FCF

Parameters AOA, AOD, Doppler Doppler AOA, AOD Delay

The SCF as seen in (2.21) is dependent on the AOA and AOD. A summary
of the correlation properties and dependence on channel parameters is given
in Table 2.2.

Frequency Correlation

The Frequency Correlation Function (FCF) can be obtained from the average
Power Delay Profile (PDP) using the Fourier transform [136]
Z;’;l Ape—jQWTpAf

25:1 Ay

Pt (2.22)

where A¢ is the frequency spacing.

2.4.3 Details of Channel Model Implementations

We now present two standardized channel models developed within the WIN-
NER project [106] that will be used throughout the thesis.

C2 Urban Macro-cell NLOS Channel

The WINNER C2 urban macro-cell non-line-of-sight channel characterizes a
typical urban macro-cell scenario comprising a mobile station located out-
doors at street level and a fixed BS with some height above surrounding
buildings. This corresponds to a propagation scenario with only non line of
sight (NLOS) clusters with an uncorrelated and Rayleigh distributed fading
envelope. The PDP of the C2 model is shown in Table 2.3% and plots of the

5Note that the C2 NLOS channel provides option for using intra-cluster delay spread.

In the absence of intra-cluster delay spreading, the number of paths is 20.
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Table 2.3: Power delay profile of the WINNER II C2 NLOS Channel. The

channel comprises of 24 clusters with corresponding delays and power

Cluster 1 2 3 4 5 6 7 8
Delay [ns] 0 60 75 145 150 155 150 190
Power [dB] -64 -34 -20 -3.0 -52 -7.0 -19 -34
Cluster 9 10 11 12 13 14 15 16
Delay [ns] 220 225 230 335 370 430 510 685
Power [dB| -34 -5.6 -74 -46 -78 -7.8 -93 -12.0
Cluster 17 18 19 20 21 22 23 24
Delay [ns] 725 735 800 960 1020 1100 1210 1845
Power [dB] -8.5 -13.2 -11.2 -20.8 -14.5 -11.7 -17.2 -16.7

Normalized Power [dB]
| |

-20

-25
0

il

" |

500

1000
Cluster Delay [ns]

(a) PDP.

1500

2000

Frequency Correlation
o o o o

> o

20

40 60
Frequency [MHz]

80 100

(b) Frequency Spectrum

Figure 2.5: Power delay profile and frequency correlation spectrum of the
WINNER IT C2 NLOS channel.

PDP along with frequency correlation are presented in Fig. 2.5.
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Figure 2.6: Power delay profile and frequency correlation spectrum of the

WINNER II B1 NLOS channel.

Table 2.4: Power delay profile of the WINNER II B1 NLOS Channel. The

channel comprises of 16 clusters with corresponding delays and power.

Cluster 1 2 3 4 5 6 7 8

Delay [ns] 0 95 105 115 230 240 245 285
Power [dB] -1.0 -52 -6.1 -81 -86 -11.7 -12.0 -12.9

Cluster 9 10 11 12 13 14 15 16

Delay [ns] 390 430 460 505 515 595 600 615
Power [dB] -19.6 -23.9 -22.1 -25.6 -23.3 -32.2 -31.7 -29.9

B1 Urban Micro Cell NLOS Channel

The B1 NLOS channel models propagation in outdoor urban micro-cell sce-
narios where the height of the BS and MS antenna elements are below the
top of the surrounding buildings. The model comprises of 16 clusters with
different delays and power as listed in Table 2.4. The power delay profile
and frequency correlations are shown in Fig. 2.6. A summary of the large
and small scale parameters of the two scenarios as specified in the WIN-
NER/3GPP channel models [3] is presented in Table 2.5.
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Table 2.5: Table of Parameters for the B1 NLOS and C2 NLOS Scenarios.

Scenarios B1 NLOS C2 NLOS
-7.12 -7.12
Delay Spread (DS)
o 0.12 0.33
1.19 0.90
AOD Spread (ASD)
o 0.21 0.36
1.55 1.65
AOA Spread (ASA)
o 0.20 0.30
Shadow Fading (SF) [dB|] u 4 8
Delay distribution Uniform (< 800ns) Exponential
AoD and AoA distribution Wrapped Gaussian
JT 4
XPD [dB]|
o 3 3
Number of clusters 16 14
Number of rays per cluster 20 20
Cluster ASD 10 2
Cluster ASA 22 10

2.5 Three Dimensional MIMO Model

The channel models described so far are two—dimensional models and do
not account for contributions from the elevation spectrum. It has however

been shown [171] that the elevation spectrum cannot be neglected in MIMO
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channel modeling, particularly in indoor and in—vehicle scenarios where re-
flections from walls and ceiling contribute to the received signal. There have
been several studies within the last few years on three dimensional (3D) mod-
eling for MIMO channels (see [55,171,198| and the references therein). We
now present a generalized framework for 3D channels which will be used for
3D prediction in later chapters. The 3D channel impulse response as defined
in the WINNER model is given as [6, 106, 136]

hnm 2 T ZZ pq, pq quft m(¢pqa§0pq)€]2ﬂ-ypqt5(7' — qu) (2.23)

p=1 ¢g=1
where G, is the 2 x 2 polarimetric weight matrix in (2.17) and f, ,,(6, 4, Vp.¢)

is the 3D complex polarimetric response of the nth receive antenna element

defined as

(0 0y) = | 1100 oo (224)
fh(eaﬁ)
where
dy
d= |d, (2.25)
d,

denotes the spatial location of the antenna element and x(6,v) is the 3D

wave vector given by

27
k(0,9) = 5N [sinfcos? sinfsinty cosd) (2.26)

2.6 Summary

This chapter presented a summary of multipath propagation and channel
modeling for MIMO wireless systems. A description of standardized models
that will be used in evaluating the performance of the predictors developed
in this thesis along with the correlation properties of wireless channels were
also discussed. Finally, a generalized 3D channel model was introduced to

enable the development of 3D prediction algorithms in later chapters.
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Parameter Estimation

STIMATION of propagation parameters such as Direction of Arrival (DOA)
E and delay are important array signal processing problems [181] in wire-
less communications [112,196], radar [77,113], and sonar [173,174|. Param-
eter estimation methods are generally categorized as classical, subspace and
maximum likelihood methods. Of these methods, the subspace based meth-
ods [130, 159, 183,199] have been widely used in recent times due to their

computational simplicity and relatively high resolution.

In this chapter, we present an overview of the parameter estimation meth-
ods that are used in the development of prediction algorithms presented in
later chapters. We begin with an introduction to the data model for one
dimensional estimation problems along with subspace based methods includ-
ing ESPRIT [159] and Multiple Signal Classification (MUSIC) [168, 183|.
Selected variants of the ESPRIT and MUSIC methods are also introduced.
We then introduce subspace tracking methods and techniques for estimating

the parameters of linear models. Finally, we present a review of the CRB.
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3.1 Data Model and Problem Formulation

Consider a ULA consisting of N antenna elements. Suppose that P(1 <
P < N —1) independent far-field narrowband signals s,(¢) impinge on the
array with arrival angles {6,}7_,. Let a(f,) denote the array response vector
associated with the pth source. The noisy observation data y(¢) is

P

y(t) = Z a(f,)sy(t) + =(t)

p=1

= A(0)s(t) +z(t) (3.1)

where A(0) = [a(0;)a(by) --- a(fy)] is the array steering matrix and

y(t) = [9:(t) §2(t) - I (t)] (3.2)
s(t) = [s1(t) 52(t) - - sp(1)] (3:3)
z(t) = [21(t) () -- - 2n (1)) (3-4)

The goal is to estimate the arrival angles {6, 521 from the observed data.
Assuming that the signal sources and noise are uncorrelated and that the
noise vector is distributed as z(t) ~ N(0, ¢%I), the covariance matrix Ry, of

the array observation can be represented as

Ry = E[y(t)yH(t)]
= A(ORLA0)" + R, (3.5)
where Ry, = E[s(¢)s(t)”] and R,, = E[z(¢)z(¢t)"]. The Eigenvalue Decom-
postion (EVD) of Ry, can be written as

N
R,, = Z Anenel (3.6)
n=1

where ), and e, are the nth eigenvalue and the corresponding eigenvector,

respectively. In an ideal case, the eigenvalues obey

M>X> > Ap>Ap =Apa=-=Ay=0" (3.7)
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Figure 3.1: The eigenvalues of spa- Figure 3.2: The eigenvalues of spa-

tial covariance matrix for a 10- tial covariance matrix for a 10-

element ULA observation data hav- element ULA observation data hav-

ing four sources with DOA = ing four sources with DOA =
[20, 45, —48, —65] and noise variances [20,20.6, —48, —65] and noise vari-
0.1 and 1. ances 0.1 and 1.

However, (3.7) does not always hold in practice. In Figure 3.1 and Fig-
ure 3.2, we show the eigenvalues of the data covariance matrix Ry, for a
10-element ULA measurement. In both cases, there are four sources with
different angles of arrival. In Figure 3.1, we observe that the first four eigen-
values are greater than the noise variance and the last six are approximately
equal to the noise variance. In Figure 3.2 however, only three eigenvalues
are greater than the noise variance. This does not agree with (3.7). An ex-
planation for this is that the two closely spaced sources are seen as one. In

general, the EVD of Ry, can be expressed as

EH

S

A,| |EH
= EAEY + EAEY (3.8)

A
Ryy = [Es En]

where E; € CY*F and Ay € RP*P are the signal subspace eigenvectors
and the associated eigenvalues, respectively. E, € CN*(N=F) and A, €

RW=P)x(N=P) corresponds to the noise eigenvectors and eigenvalues. It
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should be noted that the signal and noise subspace eigenvectors are orthog-
onal to each other, i.e., e,1ef, =0;¥nl € {1,..., P}, n2€ {P+1,...,M}.

3.2 Subspace Based Methods

In this section, we present a review of the subspace based parameter estima-

tion methods.

3.2.1 MUSIC

MUSIC [168] exploits the orthogonality of the signal and noise subspace for
model parameter estimation. The fundamental idea is that the array steering
vector a(f) in the direction of a source is orthogonal to the noise subspace
and hence, the noise eigenvectors. This results in peaks in the plot of the
MUSIC pseudo-spectrum, defined as [168, 183

1
Puusic = a(0)"E,EHa(0) 0
or a(0)"a(0) (3.10)

Pausic = a(0)"E,E7a(6)
The parameter estimates are obtained either by manually locating the peaks
of (3.9) or using a search algorithm to identify the peaks. A plot of the MU-
SIC Pseudo-spectrum in (3.9) is shown in Figure 3.3. The data is generated
synthetically for a 10-element ULA with four sources having AOAs 20, 45,
—40 and —10deg.

3.2.2 Root MUSIC

The performance of the MUSIC algorithm and its suitability for practical
applications is limited by a number of factors. The estimation performance
is limited by the spacing between values at which (3.9) or (3.10) is computed.

Furthermore, a comprehensive search scheme is required to locate the peaks
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and evaluate the parameter estimates. This poses a high computational
burden, especially for multidimensional problems which will be introduced

in the next chapter.
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Figure 3.3: MUSIC Pseudospectrum Figure 3.5: The roots of the Root-
for DOA estimation using a 10- MUSIC function in (3.14) for DOA
element ULA at SNR = 6dB. The estimation using a 10-element ULA at
true values of the DOA are 20, 45, SNR = 6dB. The true values of the
—40 and —10deg. DOA are 20, 45, —40 and —10deg.

25

ok

Imaginary Part

- -1 0 1
Real Part

Figure 3.4: The roots of the Root- Figure 3.6: Illustration of Signal

MUSIC function in (3.14) for DOA Measurement using uniform linear ar-

estimation using a 6-element ULA at ray with equal spacing between ele-

SNR = 6dB. The true values of the ments
DOA are 20, 45, —40 and —10deg.
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To overcome these limitations, Root-MUSIC was proposed as a modified
version of MUSIC based on polynomial root finding [34]. Root-MUSIC has
been shown to increase the resolution and decrease the computational com-
plexity of MUSIC algorithm. Root-MUSIC is a model based algorithm which
directly estimates the parameters using a model of the array steering vector
and the received measured data.

Consider an N-element ULA with spacing d (in wavelengths) between

antenna elements as shown in Fig. 3.6. Let

z, = exp(j2ndsind,), p=1,2,---,P (3.11)

The array steering vector for the pth impinging signal can therefore be ex-
pressed as

a(ep) = [17 Zp; 257 T ZZ(;N_l)] (312)

The MUSIC spectrum in (3.9) can be written as
Prusic(?) = a(f)"E.E; a(0) (3.13)

Substituting (3.12) into (3.13) and simplifying yields the polynomial

D(z) = a’(1/2)Ca(z) (3.14)
(N-1)
= ) G (3.15)
n=—(N-1)
where C = EnEnH and C,, denotes the sum of the elements on the nth

diagonal of C. D(z) is a polynomial of degree 2(IN — 1) and therefore has
2(N — 1) zeros, which form conjugate reciprocal pairs with one zero lying
within the unit circle and the other outside. Due to measurement noise
effects, the location of the roots on the unit circle may be distorted and the
parameters are estimated from the P closest roots to the unit circle. Plots of
the roots of (3.14) are presented in Figure 3.4 and Figure 3.5 for a 6-element
and 10-element ULA observation, respectively. We observe in both cases that
four pairs of roots corresponding to the parameter estimates lie very close to

the unit circle. The roots can be used in (3.11) to obtain estimates of 6,.
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3.2.3 ESPRIT

The ESPRIT algorithm [159] is another subspace method and possibly the
most popular in channel prediction studies. Compared to MUSIC, it offers
more robustness against array imperfections and since it does not require
a search for peaks, it has significantly lower computational complexity and
storage requirements. However, it depends on shift invariance structure of
the array obtained by creating two overlapping sub-arrays from the original
array with a constant translational distance. Consider the ULA in Fig. 3.6.

Using (3.12), the Vandermonde structured array steering matrix is obtained

as
1 1 1
Z Z PR z
A= 7 Pl ecyxr (3.16)
Z{V ! zév_l zg 1

Consider the steering matrices for two subarrays depicted in Fig. 3.7 with

maximum overlap (i.e., translational distance of d)

1 1 1
A= T T T e (3.17)
_Z{V_2 zév_z zg_z_
and
21 22 zZp
22 22 .« .. 2’2
A= ! 2 Tl ecW-uxp (3.18)

Note that A; and A,, corresponds to A without the first and the last rows,

respectively, and are related by the invariance equation
A =A® (3.19)
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where @ is the diagonal matrix

2 0 -+ 0
=10 2z - 0 (3.20)
o .

The diagonal entries of ® corresponds to the phase shift of each of the P
signal sources from one element of the array to its immediate neighbour. As
seen from (3.20), once @ is known, the signal parameters can be estimated
using (3.11). However, matrices A;, Ay and hence, ® are unknown. Since
the columns of A and Eg both span the signal subspace, they can be related
by

E, = AT (3.21)
where T € CM*¥ is an invertible subspace rotation matrix. Let Eg and

E; be submatrices formed from Eg similar to A; and As. The ESPRIT

algorithm begins by forming the invariance equation?
Ey = EU (3.22)

where ¥ = T-'®T. Since the covariance matrix Ry, and hence, E; are
typically obtained from noisy measured data, (3.22) is solved using the least

square method to obtain

¥ = (E'E,) " (ElEy) (3.23)
The parameter estimate for the pth signal source is then evaluated using
__y [arg(Xy)
0, = sin~! {po} (3.24)

where arg[-] denotes the phase angle of the associated complex number on
[0,27) and A, is the pth eigenvalue of ¥. A plot of the \y;p =1,...,4 is
shown in Fig. 3.8 for the 10-element ULA observation. It shows that similar
to the Root-MUSIC, the eigenvalues lie on the unit circle?.

!The invariance equation is obtained by making A the subject in (3.21) and substituting

the result into (3.19).
2This observation could be used in detecting and eliminating erroneous estimates in

cases where the number of sources is not exactly know apriori.
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(]
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o
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A Real Part
Figure 3.8: The eigenvalues of the so-

Figure 3.7: Illustration of subarray i ] ) o
lution to the invariance equation in

(3.23) for DOA estimation using a 10-
element ULA at SNR = 6dB.

selection.

3.2.4 Unitary ESPRIT

The Unitary ESPRIT is a simpler and more efficient implementation of the
ESPRIT algorithm. The uniqueness of the algorithm is that it is formu-
lated in terms of real-valued computations [73]. However, in addition to the
invariance structure requirement in ESPRIT, it requires centro-symmetric
antenna arrays. In order to apply Unitary ESPRIT, the covariance matrix

is estimated using forward-backward averaging as

~
&
I

E[y(t)y(t)" + Iyy(t)*y(t) TIy]

N~ N

(Ryy + IR}, IIy) (3.25)
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where [-]* denotes matrix conjugate and Ily is the exchange matrix, defined

as

1

Iy = c RV*N (3.26)

1

Since the forward-backward averaged covariance matrix in (3.25) is centro-

symmetric 3, it can be transformed to a real valued matrix as [73]

C = Q¥RnQy (3.27)

where Qy is a sparse unitary (or left-real*.) matrix defined as

.
I /1
e N =2k
1L —j1
Qn = - (3.28)
L, 0 I
Llor V2 of |, N=2k+1
[ 0 —jIk

Using the transformation in (3.27), the transformed steering matrix can be

shown to be

D = QyA (3.29)

and D satisfies the following invariance equation

K,D® = K,D (3.30)

3A N x N matrix, A, is centrosymmetric if it is symmetric about its center, i.e., the
entries of A satisfy the relation, A;r = Any_j11,v—k+1 for 1 < 5,k < N. It therefore

means that A is centro-symmetric if and only if ATy = IINA.
4A complex matrix Q is left real if [IyQYIIy = Q [111]
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where ® = diag{tan(ndsin6,)};_,. K; and K, are transformed selection

matrices defined as

K, = 2%{QpJ.Qn} (3.31)

and

K, = 23{QpJ2Qu} (3.32)

where R[] and J[-] denote the real part and imaginary part of the associated
matrix, respectively and J, is the selection matrix that selects A, from A
defined as

Jo=[Ov_1yxa Lvo)] (3.33)

As before, since D and E, span the same signal subspace, a real valued

invariance equation can be formed as
K\E,¥ = Ky,E;, (3.34)

where ¥ = T®T~!. After solving (3.34) for ¥ using the least square ap-

proach, the parameter for the pth signal source is computed using

6, — sin”"! {W} (3.35)

3.2.5 Matrix Pencil

The subspace methods described in Sections 3.2.1-3.2.4 depend on the EVD
of the covariance matrix. The computation requirement for estimating the
covariance matrix can be eliminated by operating directly on the data y(t).
A Matrix Pencil (MP) method similar to the ESPRIT algorithm but without
covariance matrix estimation is proposed in [83]. Expressing the data from
the nth element of the ULA as

un(t) =) sp(t)zp™! (3.36)
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where 2, is defined in (3.11), the data from the N antenna elements can be

arranged in a (N — M) x (M; + 1) matrix

Y1 Y2 ot Ymea
Y — Yo y.3 T ?JM‘f+2
YN—M; YN-Me+1 - YN

where M; is the pencil (free) parameter which is chosen such that®

P<M;<N—M; N even
P<M;<N-M+1 N odd

Using (3.36), Y can be written as

P P P .
Zp:l Sp szl SpZp T szl szzjzwt
P P P
Y _ Zp:l szp Zp:l szjz) oo zpzl SPZI])Wf+1
25:1 SpZ;]aV_Mf_l Z;I::l szzz]:V_Mf T 211::1 szgjav_l

Two (N — Mg) x M; matrices Y, and Y, are then formed from Y,

Y1 Y2 ce YM;
Y, = Y2 Ys T yA{f+1
YN-M; YN-Me+1 *°°  YN-1
and
Y2 Ys o YM1
Y, = Y3 Ya ?JM.f+2
YN—Mi+1 YN—Me+2 " YN

(3.37)

(3.38)

(3.39)

(3.40)

(3.41)

Mg is commonly chosen between N/2 and N/3 for efficient noise filtering [164].
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Similar to the ESPRIT invariance equation (3.19), the MP approach is based
on forming two equations from (3.40) and (3.41), thus

YO = ZlD(S)ZQ (342)
Y1 = ZlD(S)@ZQ (343)
where
1 1 1
Z Z .. Z
Z,=| o ’ (3.44)
N-Mi—1  N-Mi-1 N-M-1
1 % el
1 29 ... Ml
Zo=|. (3.45)
1 zp Zprt
S1 0 0
0 s, -+ 0
D(s)=|. . . . (3.46)
0 0 - sp

and @ is given in (3.20). In the absence of noise, it can be shown that the
submatrices Yy and Y; have rank P, provided that M; satisfies the selection
criteria in (3.38) [164]. Now consider the Matrix Pencil

where I, is a P x P identity matrix. For arbitrary values of A, (3.47) has
rank P. If A = z,,p = 1,---, P, the pth row of ® — Ap is zero and the
rank reduces to P — 1. This implies that the parameter set {z,}}", are the
generalized eigenvalues of the matrix pair [Yy, Y] which can be obtained as
the eigenvalues of

(YEYo) Y IY, (3.48)

The parameter estimates are then obtained using (3.24).
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3.3 Adaptive Subspace Methods

In practice, the data covariance matrix in (3.8) is estimated from the available

noisy samples as
K
Ryy = K Z 5’(1‘7)3’(@}[ (3.49)

where we have have replaced the continuous time variable ¢ in (3.1) with
the discrete index k. R is an asymptotic unbiased estimate of R (i.e., it
approaches the actual value as K increases). The computation in (3.49) has
complexity of order O(N?) making repeated computation unattractive for
practical applications. The computational load may be reduced by updating

the covariance matrix recursively as new measurements are taken

A 1 - - .
Ry (k1) = 1 (FRyy (k) + 9k + Dy(k + 1)) (350
Since multipath parameters are slowly time-varying in practice, it is often
necessary to periodically update the covariance matrix such that older ob-
servations are de-weighted. This can be achieved by formulating (3.50) as a
first order moving average filter. The updated matrix at the (k+1)th instant

is thus

Ryy (k4 1) = aRyy (k) + (1 — )y (k + D)y (k + 1)H (3.51)

where a denotes the forgetting factor, 0 < a < 1. With a proper choice
of a, subspace methods based on the EVD of (3.51) can therefore track
the slow variation of the parameters over time. The computational effi-
ciency and accuracy of the estimation can be improved by using iterative
subspace tracking algorithms such as Bi-iteration Singular Value Decomposi-
tion (SVD) [155, 185, 186] and Projection Approximation Subspace Tracking
(PAST) [210,212]. A brief overview of PAST [212] and its extension — PAST
with deflation (PASTD) [211] is presented in the following section.
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3.3.1 Projection Approximation Subspace Tracking (PAST)

The PAST algorithm for principal subspace tracking was first proposed by
Yang [212]. The basic idea is the interpretation of the signal subspace as the
solution of an unconstrained minimization problem. It involves minimising

an exponentially weighted cost function defined as [212]

J(W (k) = o |h(i) = W (k)W (k)h(i)||”

= tr[C(k)] — 2tr[WH (k)C (k)W (k)]
+ tr[WH (k) C (k)W (k)WH ()W (k)] (3.52)

where W (k) is a weight matrix and C(k) is an exponentially weighted cor-

relation matrix given by

C(k) =Y _o*'h(i)h" (i) = aC(k — 1) + h(k)h" (k) (3.53)

i=1

By using the approximation W (k)h(i) ~ W (k — 1)h(i), the fourth order

cost function in (3.52) reduces to a quadratic cost function defined as

J(W(K) = o |h(i) — W(k)h'()] ] (3.54)

=1

where h'(i) = W (k — 1)h(i). The minimization of (3.54) can be achieved
using the RLS algorithms [213]. The iterative procedure constituting the

PAST subspace tracker is summarized in Algorithm 1.
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Algorithm 1 : PAST Algorithm [212]
Input : o, P(0),W(0).
for k=1,2,--- ,K do
Input : y(k)
y'(k) = WH(k = 1)y (k);
f(k) = P(k = Dy'(k);

g(k) = f(k)/ (o + (y'(k)"E(k));

P(k) =a 'tri [P(k — 1) — g(k)f7 (k)];
e(k) = y(k) = W(k = 1)y'(k);

W(k) = W(k — 1) + e(k)g" (k);

end
Output: W(k)

Here, tri[-] means that only the upper (or lower) triangular part of the
associated matrix is computed and its Hermitian transpose is copied to the
lower (or upper) triangular part. Detailed discussion and proof of the PAST
algorithm can be found in [212].

3.3.2 Projection Approximation Subspace Tracking with
Deflation (PASTD)

PASTD is an extension of the PAST subspace tracker in which the concept
of deflation [162] is used to achieve iterative estimation of the signal eigen-
vectors and eigenvalues [211|. A summary of the PASTD algorithm is given
in Algorithm 2.
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Algorithm 2 : PASTD Algorithm [211]
Input : o,W(0).
for k=1,2,--- ,K do
Input : y(k)
yi(k) =y (k);
for:=1,2,---,r do

gi(k) = wil (k = Dh;(k);
di(k) = adi(k = 1) + |g:(k)|*;
ei(k) = hy(k) — w;(k — 1)gi(k);

wi(k) = wi(k — 1) + ei(k)g; (k) /di(k);

hi—i-l(k) :hi(k) ( ) ( >7
end
end

Output: W (k)

The interested reader may refer to [211,212] for detailed derivation of the
PASTD algorithm.

3.4 Subspace Dimension Estimation

Estimating the number of dominant scattering sources P is a central problem
in parameter estimation and prediction of multipath radio channels. The
accuracy of parameter estimation algorithms such as MUSIC and ESPRIT is
greatly affected by the number of sources used in for the estimation. In ideal
scenarios, noise eigenvalues are equal and can be used for the estimation of the
number of signal sources. However, due to noise and error in the estimation
of the covariance matrix, the noise eigenvalues, while of similar magnitudes,
are no longer equal. Two information theoretic criteria based techniques that
are commonly used are the Minimum Description Length (MDL) [199] and
Akaike Information Criterion (AIC) [20]. In these techniques P is chosen

to minimize some functions which are defined in terms of the ratio of the
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geometric and arithmetic mean of the eigenvalues. These techniques and

their variants will be discussed in the following section.

3.4.1 Minimum Description Length (MDL)

In the MDL based approach [199], the number of signal sources P is estimated
as the value of p € {0,1,--- , N — 1} that minimizes the MDL criterion

1
[ A ™7

MDL(p) = =K (N —p) log { ~
(lep) Zn:p+1 An

where ), are the eigenvalues of the data covariance matrix Ry, and Pypr(p) =
P(2N —p)log K is the MDL penalty factor. Other modified versions of the
penalty factor [208] are shown in Table 3.1.

3.4.2 Akaike Information Criterion (AIC)

Similar to the MDL based approach, the AIC determines the number of
sources by minimizing the AIC criterion
1
([Tnepi1 A9
AlIC(p) = —K(N —p) 10g{ Ly
(N—p) £=n=p+1 71
where Paic(p) = p(2N — p) is the AIC penalty factor, modified versions of
which are also presented in Table 3.1. Note that although the two methods
look very similar, they may produce different estimates. The MDL approach

} + Paic(p) (3.56)

has been shown to provide more accurate estimates than the AIC [201].

3.4.3 Minimum Mean Square Error — MDL

The minimum mean square error (MMSE) based MDL [85] improves the
performance of the classical MDL based source number estimation method
by using mutual information to combine the probability distribution func-
tion (PDF) and MMSE between the transmitted and measured signal. The
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Table 3.1: Modified Versions of the AIC and MDL Penalty Functions

Covariance Estimation Method  Pypr(p) Parc(p)

Real Forward only P2N —2p+1)log K p(2N —2p+1)
Real Forward-Backward EIN+p+1)logK p(N+p+1)
Complex Forward only (2N —p)log K p(2N — p)
Complex Forward-Backward P2N —p+1)logK L(2N —2p+1)
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Figure 3.9: Histogram of AIC and MDL estimates of number of sources for a

4 path signal received at a 10-elements uniform linear array. SNR = —10dB.

estimate of the number of signal sources is given by
P = arg lmir]{[ ) MMDL(p) (3.57)
where the MMSE-MDL criterion MMDL(p) is defined as [85]

1
MMDL(p) = K log(),) + 5(p2 +p)log K (3.58)
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A more robust version of the MMSE-MDL without eigendecomposition was
proposed in [84]. The histogram of estimated number of signal using the
MDL, AIC and MMDL for a ULA observation data with four sources gen-
erated using (3.1) is shown in Figure 3.9. We observe that the MDL and
MMDL yield more accurate and consistent estimates compared to the AIC,
where the overestimation is approximately 8%. We will use the MDL and
MMDL for our studies in later chapters of this thesis.

3.5 Parameter Estimation for Linear Models

Consider the problem of estimating the parameter set s = [s; -+ sp|T

from a linear observation model defined as
y=As+z (3.59)

where A € CK*” is the observation matrix. The goal is to find an estimate
§ such that AS is the best approximation of y. A summary of the Least
Square (LS) and Minimum Mean Square Error (MMSE) methods for finding

the solution of (3.59) is presented next.

3.5.1 LS Estimation

Assuming that A is known and deterministic, the LS solution of (3.59) is
defined as

s = argmin ||y — As||? (3.60)
Differentiating the cost function of (3.60) gives
— Asl/|?
M — —2A"y + 2A7 As (3.61)
s

By setting (3.61) equal to zero and solving for s, the LS estimate is obtained

as
ss = (ATA)TT Ay
=Aly (3.62)
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where [-]T denotes the Pseudoinverse of the associated matrix.

3.5.2 MMSE Estimation

Supposing A and s are random, the MMSE estimate of s is obtained by

minimizing the MSE as
SMMSE = arg msinE [(y — As)(y — As)] (3.63)

Differentiating the cost function of (3.63) with respect to s yields

%{E [((y — As)(y — As)|} =E %{yHy —2y"As +s" A" As}

= —QRAy + 2RaasS (364)

where Ry, = E{y”? A} and Ray = E{A”A}. Equating (3.64) to zero and

solving yields

syvse = RayRy (3.65)

3.6 Cramer Rao Bound

Named after its first authors; H. Cramer and C. R. Rao, the CRB [51, 153|
gives a lower bound on the variance of a deterministic parameter estimator
[97]. It is generally used in literature as a measure of the best performance
that any estimator can achieve and an estimator which attains the CRB
is said to be efficient. Note that the formulation of the CRB depends on
whether the estimator is biased or unbiased. We will focus on the unbiased
CRB in this section. Consider the parameter estimation problem in (3.1)

and let the parameters be denoted by the P x 1 vector

0=10, 0, --- 0p" (3.66)
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where [-]7 denotes the transpose operation. The problem can now be refor-

mulated as

=y+z (3.67)

where y denotes the noiseless observation. The variance of an unbiased

estimate of 6, is therefore, bounded as

~

var(6,) > J1(0) (3.68)

= “pp
where J(6) is the Fisher information matrix (FIM) of 8, and J,,}(0) denotes
the pth diagonal element of the inverse FIM J~!(8) . Let the probability
distribution function (pdf) of y be p(y : 8). The FIM is expressed element-

wise as

Jpe(0) = —E (3.69)

Ologp(y : 8) dlogp(y : 0)"

06, 06,
Assuming that z ~ N(0,C(0)), such that y(6) ~ N(x(8),C(0)), the FIM
is given by the Slepian-Bang’s formula [97]

1 _,0C(0) _,0C(0)

3(9)=§tr (C(e) W(3(9) 6—0>+2% 9%(6) _,0x(8)

o6 9"

(3.70)

where PR[-] denotes the real part of the associated matrix.

3.7 Summary

In this chapter, the parameter estimation schemes considered in the devel-
opment of the channel prediction scheme in this thesis are presented. After
an introduction to the classical parameter estimation problem, the subspace
based methods including MUSIC, ESPRIT, Root-MUSIC, Unitary-ESPRIT
and Matrix Pencil were described. This is followed by a review of methods for
subspace tracking and for estimation of parameters of linear models. Finally,
a brief overview of the Cramer Rao lower bound for unbiased estimators was

presented.
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CHAPTER 4. NARROWBAND MIMO PREDICTION

Narrowband MIMO Prediction

THIS chapter presents channel prediction schemes for narrowband MIMO
systems. The methods based on PRC modeling and multidimensional

parameter estimation have been published in part in [13,14].

4.1 Prediction Models and Parametrization

A commonly used multipath channel model is the ray based SOS model,
defined for a SISO system as the superposition of P scattering sources [93],
that is

h(t) = Zapejw"t (4.1)

where o, is the complex amplitude of the pth scattering source and w, is the
Doppler frequency. The SISO model in (4.1) can be extended to a MIMO

propagation channel in 2D scenarios via the introduction of the transmit and
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receive spatial dimensions [189)]

H(t) = Z apar<9p)a?(¢p)ej%t (4.2)

where 0, and ¢, are the AOA and AOD of the pth path relative to the
array broadsides, respectively, while a,(6,) and a(¢,) are the receive and
transmit array response vectors in the direction of the pth scattering source,
respectively. It should be noted that (4.2) is applicable to any array geometry.
Assuming that the receive antenna array is a ULA with M equally spaced

antenna elements along the y—axis at spatial locations
rp, =0 md]; m=0,1,...,.M—1 (4.3)

where d, denotes the distance between adjacent antenna elements. Now

assume that wave propagation is in the z—y plane with wave vector
27 |cosf
fp=—~+ . " (4.4)
A |sin6,
The mth element of the receive array response vector is thus

Al (6,) = ¢ I

— 6—j27rmdr sin 0 (45)

The M x 1 array response vector is thus

1

e—j27rdr sin 0

ar(gp) — e—j47rdr sin 0 (46)

e—jQ(]\/f—l)wdr sin 6,
Defining 1, = —2d, sin6,, (4.6) becomes
a(u,) = [1, et . M1 T (4.7)
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Analogous to (4.7), the transmit array response vector, a;(u,,) is defined as
(1) = [1, %, - AN DT (439

where pi;, = —27dy sin ¢,,. dy denotes the antenna separation at the transmit-
ter.

Assuming that the channel is sampled with period Tgump, the CSI at
discrete time instant, k is obtained from (4.2) as

H(E) = 3 ayai)al (1) (49)

p=1

where v, = wpTamp is the normalized Doppler shift of the p-th path. As
shown in (4.9), each path is characterized by the parameter set {cv,, u5, 1, vptt.
In order to reduce the problem of modeling and extrapolating the time vary-
ing MIMO channel to a parameter estimation problem, we assume that the
multipath parameters remain constant over the region for which channel ob-
servation/measurement and prediction is made. This assumption has been
shown in the industry standard 3GPP/WINNER II SCM model [3, p. 55|
to be valid for mobile movements between 10 — 50 A\. The validity range is
dependent on factors such as the carrier frequency, mobile velocity and dis-
tance between the mobile and the scattering sources. A rule-of-thumb for
evaluating the validity range is [60]

Cl'min

3 fev?

Toatia = (4.10)

where ¢ = 3.0 x 10® is the speed of light, ry, is the distance between the
mobile station and the nearest scatterer, f. and v are the carrier frequency
and mobile velocity, respectively.

We also assume that the mobile velocity remains constant such that con-

stant temporal sampling corresponds to constant spatial sampling?.

INote that the parameterization can alternatively be expressed in the set

{Oép, 01’)7 Qspv VP}'
2This assumption will allow us to treat the variation of the channel as a pure spatial

phenomena and obtain results that are independent of mobile velocity
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The different formulations of the double directional model (4.9) that are
considered in the development of the prediction schemes in this chapter will
be derived in the sequel. These formulations are obtained by progressively
removing from (4.9) the dependence on the transmit and/or receive array
structure and the structural parameters. The impact of mutual coupling on

the array response vectors is not considered in this thesis.

4.1.1 DOA/DOD Model

The DOD/DOA model is based on the assumption that the array response
vectors a, and a; are explicit functions of the AOA and AOD [110] as shown
in (4.9). It should be noted that (4.9) is valid for any array geometry. We

will consider MIMO channels having a ULA at both ends.

4.1.2 Transmit Spatial Signature Model (TSSM)

The DOD/DOA model depends on the specific array configuration and the
AOA and AOD. Since the transmitter is often stationary in mobile wireless
systems, estimation of the AOD may be difficult and possibly not required
for accurate prediction of the channel. We therefore replace the product of
the complex amplitude and the transmit array steering vector for each path
in (4.9) by an unstructured Transmit Spatial Signature (TSS) vector, s;. A
similar model termed vector spatial signature (VSS) was used in [110] while

deriving performance bounds. The model in (4.9) can now be expressed as

H(K) = 3 a()(s4) e (4.11)

where s; € CV*! is the TSS for the pth propagating path.

4.1.3 Receive Spatial Signature Model (RSSM)

Similar to the TSSM, we assume that the receive array steering vector is

not an explicit function of the AOA and replace the product of the complex
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Table 4.1: Narrowband MIMO Prediction Models: Parametrization and De-

pendence on Number of Antennas

Model Parameters No. of Real Valued Parameters

DOA/DOD {R(w,),J(ay), up,up,yp}p_ 5P

TSSM {15, v, R(s), I(sp) 1 P(2N +2)
RSSM {,u;m’/m%( )73( ) . =1 P(2M+3)
MSSM {1, R(S,), 3(S,) 1 P(NM +1)

amplitude and receive array steering vector with an unstructured vector, s,

giving
Zspat it )erkre (4.12)

where s* € CM*! is the receive spatial signature (RSS) for the pth path.

4.1.4 Matrix Spatial Signature Model (MSSM)

The Matrix Spatial Signature Model (MSSM) [110] replaces the product
of both array steering vectors and the complex amplitude by an M x N

unstructured matrix spatial signature, S, giving

P
=Y S,/ (4.13)
p=1

Note that although all of the models described in this section are derived from
the double directional MIMO model,(4.9), they differ in the parametrization
and number of parameters required. A summary of the number of parame-
ters required for each model and the dependence on the number of antenna

elements is shown in Table 4.1.
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4.2 Data Transformation

In Section 4.1, we described different formulations of the double directional
spatial channel model considered in the development of the prediction schemes
in this chapter. We now present data preprocessing necessary for the extrac-
tion of the parameters of each of the models from the available channel obser-
vations. We assume that K samples of the channel are available either from
channel estimation or measurement. In practice, the estimated or measured
channel will contain some imperfections resulting from noise and interference
effects. The estimated CSI is therefore defined as

~

H(k) = Hk) + W(k); k=01, ,K—1 (4.14)

where W (k) € CM*¥ is a complex Gaussian random variable with zero mean

and variance, o2, that accounts for the effects of noise and interference.

4.2.1 DOA/DOD Transformation

As shown in (4.9), the DOD/DOA model is characterized by 3P structural
parameters, {/, /iy, V,,}f;:l and P complex weight parameters corresponding
to 2P real valued weight parameters. Extraction of these parameters from
the K channel observations require a three dimensional array data structure.
Since we consider MIMO systems with a 1-D array (i.e., a ULA) at both
ends of the link, it is necessary to convert the data into a form that enables

3D parameter estimation. Let

h = vec[H(k)]

~ ~ ~

= [hay (), hya(K), - han (k), hat (), -+ han (k). -+ haun ()T (4.15)
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be a NM x 1 be a vector obtained by stacking the columns of ﬂ(k:) Using

~

(4.9), h(k) can be expressed as

| 25:1 apar,l(ﬂ;)at,l(ﬂé)ejkyp |
25:1 ot 1 () ag o (1h) €7

h(k) = | S0 apars (ph)agn (pb)e?™r | + w(k) (4.16)

25:1 ot o () ag,1 (1) €7

-25:1 vt ar (1) e v (25,) €757 |

which in turn, using the properties of the Kronecker product?, can be written

as
P

h(k) = 3 ay(ac(1s) © ac(uf))e™ + wik) (4.17)

p=1
The transmit and receive spatial dimensions of the channel are combined by
virtue of the Kronecker product in (4.17). It should be noted that the struc-
ture of (4.17) allows for the estimation of the AOA and AOD, and similar
vectorized channel have been used in [115,131] to jointly estimating these
parameters. However, the number of paths that can be resolved by this for-
mulation is limited by the total number of antennas at the transmit and
receive end making its application to practical MIMO systems with small
numbers of antennas unattractive. Moreover, these approaches suffer from
the left /right ambiguity problem. We overcome these limitations in our meth-
ods by parameterizing the channel in terms of the direction cosines/spatial

frequencies and additionally introduce the temporal dimension into (4.17).

3The Kronecker product of a N x M matrix A and a P x @ matrix B is the NP x MQ

matrix defined as

111,1B al,zB te al,MB

a271B G/Q,QB tee a2’MB
A®B= ,

an 1B an2B - anuB
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We form the Hankel matrix

I}(O) lfl(l) h(Ty)
q, o h(‘l h('2) h(Td'+ 1) 418
h(Ry) h(Rq+1) - h(K—1)

where Ty and Ry = K — T} are the Hankel matrix parameters selected such
that NMRq < Ppax + 1. We note that there is a compromise in selecting
these free parameters. Large values of Ry increases the number of rows in
(4.18) and hence the number of paths that can be resolved, but this results
in small values of T which affects the accuracy of covariance estimates. Note
that each column of 7:[d corresponds to a stack of R4 vectorized observations

in (4.16) and can be expressed as

(| am)eals) | ‘
P (ar (1) ® ac(psy,)) e’
Hata)= 3 day | (@l @a)e | e 4t w(a) (4.19)
p=1
| [(ar(p) @ ay(uh))edFa= b | )
fora=1,2,---,Ty. Again, the relationship between vectorization and Kro-

necker products simplifies (4.19) to

P
Ha(,a) = opaluy, mh, 1)V 4 w(a) (4.20)
p=1
where
aftps s vp) = () @ a(py,) © aa(vy) (4.21)

aq(v,) is the Rq x 1 vector®

aqg(v,) =[1 e el L. 6j(Rd_1)VP]T (4.22)

4This corresponds to the array response vector of a ULA in the direction of motion
of the mobile station. The transformed data in (4.19) can therefore be interpreted as Ty

observations from a M x N x Rq array.
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Defining 3,(a) = a,e’@ Y (4.20) can be written as

P

Hal:ya) = Zﬁp(a)a(u;,u;, vy) + w(a)

= A(p' ', v)B(a) + w(a) (4.23)

where
Bla) = [Bi(a) Bala) -+ Br(a)]" (4.24)
and A(p',pt v) = [a(py,ul,vn) -+ a(php,ub,vp)] is a Vandermonde

structured response matrix which can be expressed as a product of three

Vandermonde matrices®

A=A 0A0Ay (4.25)

where ¢ denotes the Khatri-Rao product®,

1 1 e 1
eIm eIHs e eIHp
A, = ] ] . ) (4.26)
eIM=Dpy i (M=Dpsy . pf(M=1)pp
1 1 e 1
eIkt eIHs e eIkp
I (N=Dp§  oi(N=Dph .. oi(N=Dup
and
1 1 e 1
eivt elve .. eJvp
Ay = ) ] . ) (4.28)
ej(Rd_l)Vl ej(Rd_l)VQ e ej(Rd_l)VP

5The dependence of the matrices on the channel parameters have been omitted here

for simplicity.

5The Khatrio-Rao product of two matrices A = [a; ay --- ap] and B =
[by by --- bp] is defined as the column-wise Kronecker product of these matrices,
thus AcB=[a;®b; ax®bs -+ ap®bp].
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Table 4.2: Narrowband Transformed MIMO Data Domains and Dependence

on Channel Parameters

Model Data Domain

Receive Spatial Transmit Spatial Temporal

DOA/DOD AOA AOD Doppler shift
TSSM AOA - Doppler shift
RSSM - AOD Doppler shift
MSSM - - Doppler shift

Clearly, (4.23) corresponds to a three dimensional data model obtained by
combining the transmit spatial, receive spatial and temporal dimensions of
the narrowband MIMO channel.

4.2.2 TSSM Transformation

As shown in (4.10) and Table 4.1, the Transmit Spatial Signature Model
(TSSM) is parametrized by 2P structural parameters {, up}le. We will
here describe the transformation required for the joint extraction of these
parameters from (4.10). Using the K CSI samples, we form the M Ry x NT;

Hankel matrix

H(O0)  H(1) -  HT)
- Hfl) HQ) H(Tt‘+1) 4.29)
H(R,) H(R, +1) --- H(K—1)
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Using (4.10) and the transformation in (4.29), each column of (4.29) can be

modeled as

a (1)
P ar</l;))6]l/p
H(:,a) = E a (pr)er?r | s,e? @ b 4 w(a) (4.30)
p=1 :
[ [ar(pp)ed D )
where
st(a) 1<a< M
st(a — M) M+1<a<2M
Sa =19 . ' (4.31)

si(a— (T, —)M) (T, - )M +1<a<TM

with s'(z) denoting the ith entry of s'. The Kronecker product can again be
utilized to simplify (4.30)

Hi(a) =) (ac(iy) ® aa(p))sae’ @V + w(a)

p=1
— A B, +w(a) (1.32)
Here, B, = [s,e’@ D ... 5.e7@ V)T and A(p*,v) is defined as
A ) = Ad() o Au(w) (4.3

where A, and A4 are given in (4.26) and (4.28), respectively. As illustrated
in the transformed TSSM in (4.32), the array response vector represents a
two dimensional data obtained by combining the receive spatial and temporal
dimensions of the MIMO channel.

4.2.3 RSSM Transformation

Similar to the TSSM, parameterizing the Receive Spatial Signature Model
(RSSM) requires 2P structural parameters {z), v} . We here form the
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NR, x MT, Hankel matrix

H”(0) H7(1) -~  HY(T)
. HT.(l) HT.(Q) HT(T.rH) (43)
H7(R) HT(R. +1) --- HT(K-1)

using the K available noisy data. Using (4.11), the columns of (4.34) can be

shown to be

¢ . )
at(u;)
P ay(p1,)e’
Ho(:, ) = § ag(pt)er?r | sed OV b 4 ow(b) (4.35)
p=1
| [2c(p)e? D | ,

for a =1,2,--- ,T,. Using the structure of (4.34), s, can be expressed as
s*(b) 1<b< N
s'(b— M) :N+1<b<2N
5p =19 . . (4.36)
s'(b— (T, —1)N) (T, —1)N+1<b<T.N

Similar to (4.32), (4.35) can be written as

M~

Ao h) = (@) @ aalt))sse % 1 w(d)
p=1
=A(p',v)B, + w(b) (4.37)
with B, = [spe? @Vt ... 5,e7=DP]T and A(ut, v) is defined analogously

to (4.33). It should be noted that the TSSM and RSSM have a number of
similarities including the number of structural parameters and the trans-
formation procedure. However, while the former depends on the receive
correlation, the latter utilizes the transmit spatial structure of the channel.

Moreover, the performance and application of these methods is dependent
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on the number of transmit and receive antenna elements. For instance, while
the TSSM is applicable to Single-input multiple-output (SIMO) channels, the
RSSM is suitable for Multiple-input single-output (MISO) channels. Further-
more, the choice of either of these methods in MIMO systems depends on

the number of antenna elements at either end of the link.

4.2.4 MSSM Transformation

The MSSM is parameterized by P Doppler shifts {1;,}}"; which can be ex-
tracted from the temporal properties of the channel. Consider the vectorized
channel in (4.14) and define the R,, x NMT,, Hankel matrix

h”(0) h’(1) - hT(Th)
a0 hT:(l) hT:(2) -. hT(TI? +1) (438)
h”(R,) hT(R,+1) --- hT(K —1)

where R, and T, = K — R,,+1 are the Hankel matrix size parameters, chosen
such that Ry, > Puax + 1. Note that each column of (4.38) corresponds to

R,, temporal measurements of the channel and can be modeled as
P
Hn(:,0) = D Bpc)aa(vy) + w(c)
p=1

— A(W)B + w(c) (4.39)

where A = Ay is the Vandermonde matrix in (4.28) with Ry replaced with
Ry, and B,(c) is defined as

- ) o .
( O‘par,l(ﬂz)at,l(ug) eile=rp 1)
Qplr,1 (:u;)at,2 (/L;) ejc”p
Blc:c+ NM) = a1 (1) a (1) | © i)y (4.40)
Qplr2 (M;)at,l (/L;) ei(ct2)vp
\ _O‘par,M(M;)atyN(pJ;)_ _ej(C+NM—1)- )
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MATRICES

forc=1: NM : NMT,. A summary of the dimensions in the transformed

data along with dependence on channel parameters is shown in Table 4.2.

4.3 Translational Invariance in Multidimensional

Vandermonde Matrices

In the previous sections, we introduced the channel models that are utilized
for the development of our prediction algorithms as well as the required data
transformations. As shown in (4.23),(4.32), (4.37) and (4.39), the trans-
formed data has response matrices which are Khatri-Rao products of Van-
dermonde matrices. The structure of the transformed data can therefore
be utilized to jointly estimate the parameters of the channel. This can be
achieved via multidimensional extensions of the ESPRIT [126, 159| scheme
described in Section 3.2.3. Our choice of ESPRIT based methods is mo-
tivated by its super-resolution and relative simplicity over other parameter
estimation methods. Moreover, since our transformed data exhibit some in-
variance structure in all dimensions, it appears natural to pursue methods
which apply these invariance property for direct estimation of the desired pa-
rameters. An alternative and possibly better approach to estimate the mul-
tiple parameters from the transformed data is to use tensor-based ESPRIT
schemes [75,157]. The tensor based approach is not used in this thesis for
a number of reasons. The tensor based schemes offer improved performance
compared to the standard ESPRIT method only if the number of paths is
strictly less than the number of antennas in at least one of the dimensions in
the data [75]. For practical MIMO systems, there is no guarantee that this
requirement will be satisfied in any propagation environment. Moreover, the
high order SVD (HOSVD) upon which the tensor schemes relies for subspace
estimation result in a much higher computational complexity.

In this section, we introduce the concept of translational invariance in

multidimensional Vandermonde matrices that will form the basis for the pa-
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rameter estimation stage of the proposed scheme and derive expressions for
selection operators that are required in the implementation of the proposed
schemes. Consider a multi- dimensional Vandermonde matrix defined as the

Khatri-Rao product of one-dimensional Vandermonde matrices thus
A=A, 0AL0A.0---0A, (4.41)

Assuming that A,;v € [a,b,--- ,u] has dimension L, x P, A has dimension
L x P with

L=]]L (4.42)

Let Ay;v € [a,b, -+ ,u] be defined as

U U « e /l)
A= o r (4.43)
I e U}qu)

Our aim is to form two sub-matrices for each dimension from (4.41) exhibit-
ing translational invariance similar to that in (3.19). Let A,; and A,s be

submatrices obtained from (4.41) as follows
Au = AP oA 0 A 0 0 A,
Ay =AL" 6 Ayo Ao 0 A, (4.44)

where A" and A"" are submatrices selected from A, by deleting the first
and last rows, respectively. It is straightforward to show that A,; and A,

satisfy the invariance equation
A = A,D(a) (1.45)

where D(a) is the diagonal matrix

aq 0 0
0 a 0

Da@)=|. . (4.46)
0 0 - ap
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Assuming that A, is known, (4.45) can be solved for {a,}}",. Note that
A and A" can be obtained from A, by multiplying it with the selection

matrices

Jar = [Iz,-1 0p,1]
Jag - [OLa,1 ILafl] (447)

For example, with L, = 4, the selection matrices in (4.47) become

0
Ja=10100 (4.48)

and

0100
Jo=10 010 (4.49)
0001

Substituting (4.47) into (4.44) and applying the identity A = IA yields

Aal = [ILa,1 OLafl] AaOILbAbOILCACO"'OILuAu
Aag = [OLa—l ILa—l] Aa & ILbAb & ILCAC St O ILuAu (450)

Using the mixed-product property of Kronecker product’, (4.50) can be

shown to be

Au=Ju®l, 0l oI )A
Aa2 - (Ja2 & ILb ® ILC R X ILu)A (451)

"The mixed-product property of Kronecker product is defined as
(A®B)(Ce®D)=AC®BD
Note that this property also applies to the Khatri-Rao product, so

(AoB)(CoD)=AC®BD
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Using (4.51), the invariance equation in (4.46) can be expressed in terms of

the steering matrix A,

JA = J,,AD(a) (4.52)

where the selection matrices in (4.52) are given by

Ja=Ja®I, I, @ -1,
Joa =J @I, @I, ®--- @1, (4.53)

Following the same procedure, the invariance equation in (4.52) can be ob-
tained for the other dimensions in the multidimensional Vandermonde ma-

trix.

4.4 Prediction Schemes

In this section we describe the proposed prediction schemes using the models
developed in Section 4.1 and the transformed data described in Section 4.2.
We will henceforth refer to the proposed schemes as Multidimensional ES-
PRIT based MIMO CHAnnel Predictor (MEMCHAP) and use the acronyms
for the models to distinguish the algorithms. For example, the scheme based
on MSSM will be referred to as MSSM-MEMCHAP and so on. The general
concept of the proposed schemes is illustrated in Figure 4.1. Each of the

method is divided into the following stages:

e Data transformation: As described in Section 4.2, this stage involves
the transformation of the available channel matrices in a manner that
a sufficiently large data matrix exhibiting the required translational

invariance structure in all dimensions is obtained.

e Covariance matrix estimation: Based on the transformed data, the co-
variance matrix containing the temporal, receive spatial and/or trans-

mit spatial correlations is estimated in this stage.
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e Source number estimation and subspace decomposition: Here, we esti-
mate the number of sources and separate the subspace spanned by the

data into signal and noise subspace.

e Joint parameter estimation: The invariance structure in the trans-
formed data is exploited to jointly estimate the structural parameters

of the channel.

e Amplitude estimation: Using the estimates of the structural parameters

and the channel estimates, the amplitude parameters are estimated.

e Channel prediction: The last stage in the proposed schemes involve
extrapolation of the CSI based on the parameter estimates and the

models.

It should be noted that although the proposed methods have similar pro-
cedures, they differ in the model, dimension of parameter estimation and
number of amplitude and structural parameters. As mentioned earlier, the
various models allow for application across different systems (i.e., SIMO,
MISO, MIMO). The difference in the number of parameters and estimation
dimension is expected to result in varying estimation and prediction perfor-
mance across the different methods. For instance, an increase in the number
of dimension improves the accuracy of the parameter estimates even if there
is a corresponding increase in the number of parameters

An illustration: Consider the problem of estimating the P parameters
{np}/_, and the 2P parameters {n,,1,})_, for an N-element ULA® and an
N x N UPA, respectively. In the ULA case, the observation per parameter is
N/P while the UPA approach has N2/2P observation per parameter. Since
N?2/2P > N/P, the two-dimensional approach has more observations and

should perform better than the one-dimensional ULA estimation.

8N refers to the number of accessible antenna elements. Each antenna element may

consist of a number of component antennas whose measurements can not be accessed.
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Figure 4.1: A block illustration of the stages in the proposed MEMCHAP

schemes.

4.4.1 MSSM - MEMCHAP

The MSSM-MEMCHAP requires the estimation of P Doppler frequencies
which can be achieved via a 1D ESPRIT based method. This method is
therefore an application of the SISO predictions schemes in 24, 195| to nar-
rowband MIMO channels. Based on the assumption that the channel be-
tween each antenna pair experiences the same Doppler shift, the covariance

estimate is averaged over all entries in the CSI matrix. The steps in the
MSSM-MEMCHAP are presented below.

Covariance Matrix Estimation

The temporal correlation matrix is obtained from (4.38), giving

1

m= o MTmﬂm%Zﬁ (4.54)
Using (4.39), (4.54) can be expressed as
A | NMT. .
Co = yagy, 2o (AWIBE) + WO AMIBE + (o)
= N O (AWIBOBI AW+ 2ABEW() + wiw(o))
= A(W)CyA)" + 2L (4.55)
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where we have assumed that the noise and signal are uncorrelated such that
E(A(v)B(c)w(c)) = 0 and that the noise is temporally and spatially white.
Note that we use the same assumption throughout the thesis. The covariance

ng is defined as

Cpp = NI, z; Ba" (4.56)

As shown in (4.4), the temporal correlation matrix can be separated into
signal and noise components. The signal component is a function of the

Doppler frequencies and will be used as a basis for their estimation.

Source Number Estimation and Subspace Decomposition

We estimate the number of dominant paths using the Minimum Mean Square
Error Minimum Description Length (MMDL) criterion [85] in (3.57), giving

A

: L,
P =srgmin NMT,,log(A,) + §(p +p)log NMT,, (4.57)

where )\, are the eigenvalues of Cy,. Using (3.8), the EVD of C,, can now
be decomposed into signal and noise subspaces, denoted by E, and E,, re-
spectively. It should be noted that the eigenvalues in (4.57) are those of the
covariance matrix obtained from the transformed data matrix and not the
MIMO channel matrix itself.

Doppler Frequency Estimation

Estimation of the normalized Doppler frequencies {V}le is based on the
ESPRIT algorithm presented in Section 3.2. This is achieved by first solving
(3.23) for . The normalized Doppler frequency for the pth path is thus

U, = arg [\ (4.58)
Here, A, is the pth eigenvalue of .
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MSS Estimation

Using the estimated Doppler frequencies, the K noisy CSI estimates can be
written in terms of the MSSM in (4.13), giving

P
H(k) = S, + W(k);k=0,1,--- , K — 1 (4.59)

p=1

which can be expressed in an expanded form as

hu(k) - han(k) Sp(1,1) -+ S,(1,N)
hoy(k) -+ hon(k Ul S, (2,1) --- S,(2,N
21‘( ) ‘ 2N( ) :Z p(' ) P( e]k;up —}—W(/{:)
: . : ] : . :
han (k) -+ hyn(k) Sp(M,1) --- S,(M,N)
(4.60)
Performing a vectorization operation on (4.60) yields
) P
h(k) => s,/ + w(k);k=0,1,--- K —1 (4.61)
p=1

where s, is the NM x 1 vectorized form of the MSS for the pth path. More

compactly, (4.61) can be written as

~ A

h(k) = St(k) + w(k); k=0,1,--- K —1 (4.62)
where
S=1s1 sy -+ spjelNMF
f(k) — [ejqu edkv2 ejktﬁp}T c cPx1 (4.63)

By combining the K equations in (4.62), we obtain

H=SF+W (4.64)
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Here, H € CVM*K is a matrix containing the vectorized versions of the K

known CSI values and F € CP*K is the Vandermonde matrix

1 e ei2n .. pi(E=1)in
R 1 P2 i202 ... pi(K-1)i
F=1 . . (4.65)

Solving (4.62) in the least square sense yields an estimate of S given by
S = (FF + nI)F'H (4.66)

where 7 is a regularization parameter chosen to minimize the effects of errors
in F on the weight estimation. Throughout this chapter, n is chosen empir-
ically as 107°. This value is chosen after trials with values of 1 between 0
and 10719 Our investigations show that values in this range result in similar
prediction performance. However, the unregularized equivalent (i.e n = 0)
should be avoided with low SNR values.

An alternative approach for the MSS estimation is to form K equations
for each entries of the CSI matrix and solve for corresponding entries of the
MSS for each path. Let s,,,, = [S1(m,n) Sa(m,n) --- Sp(m,n)] € CP*!
be a vector containing the (m,n) entry of the MSS for all paths. Using (4.59),
the K equations for the (m,n) of the CSI matrix is obtained as

~

Dy = Gspp + W (4.67)

for m € [1, M] and n € [1, N].
In (4.67), By = [ﬁmn(c)) (1) o+ (K — 1)} and G = F7
Using the least square estimates of s,,, from (4.67), the MSS for the pth

path is computed as

su(p) swi2(p) - Sinv(p)
Sp: 521:(]9) 522:(19) S2N:(p> (4.68)
smi(p) Sma(p) -+ Smn(p)
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Channel Prediction

Once the Doppler frequencies and MSS have been estimated, extrapolation
of the CSI via the MSSM approach is achieved using

P
H(k) =) S,/ (4.69)
p=1

4.4.2 RSSM - MEMCHAP

Unlike the MSSM-MEMCHAP approach, the RSSM-MEMCHAP involves
2D parameter estimation. The steps involved in the RSSM-MEMCHAP are

as follows.

Covariance Matrix Estimation

The covariance matrix containing the transmit spatial and temporal correla-
tions of the MIMO channel is estimated from (4.34) as

1

C. = MTrﬁrﬁrH (4.70)
Using (4.36), (4.70) can be expressed as
A | MT:
Go= 1 S (A ¥)B(E) + wle) (Al )B(E) + wie)”
|
= AL V)BOB) A, w) + A1) B w(e)
m o—q
+w(c)w(c)")
= A(p', v)CesA(p',v)" + 2’1 (4.71)
si;;al noise
Here
A | MT:
Css = 777 > ps” (4.72)
I e=1
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The signal component of (4.71) is a function of the transmit spatial frequen-
cies {4}/, and normalized Doppler frequencies {r,}",. These parameters
can therefore be extracted jointly from the transformed RSSM data via a 2D
extension of the ESPRIT method.

Source Number Estimation and Subspace Decomposition

Using the MMDL criterion, the number of paths is estimated in the TSSM

scheme as

A

1
P = argmin 1NRr log(\,) + §(p2 +p)log NR, (4.73)

p:17 7NRT_
where )\, are the eigenvalues of C,. Again, the signal subspace eigenvector

matrix E, is obtained by decomposing C, using (3.8).

Joint Parameter Estimation

Estimation of the parameters {u,1,}/_, in the RSSM-MEMCHAP scheme

requires four selection matrices obtained from (4.53) as

Jan = Iy ® Jua
Ja2 = Iy ® Joq
Ji =Ji @1k,
Jio =Jo @15, (4.74)

With N = 3 and R, = 3, the selection matrices for the receive spatial

dimension has the form

(4.75)

o O O o O =
o O O O = O
SO O O = O O
oS O = O O O
o = O O O O
_ o O O O O
o O O O o O
o O O O o O
o O O O o O
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and -~ .
0001O0O0O0OTO0O0
000O01O0O0TO0O0
00 0O0O0OT1O0TUO0ODO

Jrg - (476)
000O0O0OO0ODT1TO0OO
000O0O0OO0ODOT1ODO0
000000000 1]

In the Doppler/temporal dimension, the selection matrices are
(10000000 O]

01 000O0O0OO0O0
0001O0O0O0OO0O0

Ju = (4.77)
000O0O1O0O0O0O0
000O0O0OODT1TODO
00000001 0]

and ) )

01 000O0O0OO0DO0
001 0O0O0O0OTO0O0
000O01O0O0O00O0

Jo = (4.78)
000O0OO0OT1TO0TVO0OODO
000O0O0OODOT1OP0
00000000 1}

Using (4.74), we form the invariance equations

Jin B = JpE @y
JrlEs = JrQEs(I)r (479)
which can be solved via a LS approach to obtain
Py = (JoE.) J0 E,
®, = (J,E) I, Eq (4.80)
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The transition matrices in (4.80) satisfy

cig[®q] = D(v)
eig[®,] = D(u.) (4.81)

where eig|-] returns the diagonal eigenvalue matrix of the associated matrix.
Equation (4.81) is based on the observation that E; and A are rotated ver-
sions of each other in the same signal subspace [126]. It should be noted
that although estimates of the AOAs and normalized Doppler shifts can be
obtained directly from (4.81), an additional algorithm to pair the estimates
is required. Typically, pairing of multiple parameter estimates is achieved
by using joint Schur decomposition |7,74| or simultaneous diagonalization
[38,63]. These schemes, however, significantly increase the complexity of
the algorithm. Instead, automatic pairing of the estimates is achieved in this
thesis using a scheme similar to the mean eigenvalue decomposition (MEVD)
[141]. Let the eigendecomposition of the sum of (4.81) be

® =, + Py
=T AT (4.82)

Using (4.81), we obtain

D(v) = T®,T!
D(u,) = T®,T! (4.83)

Estimates of the direction cosines can now be obtained from (4.83) thus

p,. = arg[diag{D(p,)}]
v = arg[diag{D(v)}] (4.84)

RSS Estimation

Similar to the MSS estimation, the RSS can be estimated via a LS approach.

Let s™ = [s1(m) sa(m) --- sp(m)]’ be a vector containing the mth
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entry of the RSS for all paths. Using (4.11), we obtain

~

h, =G,s"+z Vme|[l, M| (4.85)

~ A~

where Dy, = [t (1), 1 (2), -+, By (K)]T and G, is defined as
G, = A, oG (4.86)

where G is the Vandermonde matrix in (4.65) and Ay is the transmit array

steering matrix (4.26).

Channel prediction

Prediction of the channel using the RSSM-MEMCHAP is achieved using

P
H(k) = §al (i)™ (4.87)
p=1

4.4.3 TSSM - MEMCHAP

Similar to the RSSM-MEMCHAP approach, the TSSM-MEMCHAP algo-
rithm involves estimation of the receive spatial frequencies {y}7_, and the
normalized Doppler frequencies {l/p};::l. As before, we present a summary

of the steps in the TSSM-MEMCHAP in the sequel.

Covariance matrix Estimation

Here we estimate the spatio-temporal covariance matrix C; from (4.32) thus

1

C, =
t NT,

HHHE (4.88)
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Using (4.33), (4.88) can be shown to be

o= g, L AGE B0 WA Bl + (o)
= DA PIBB A1)+ A ) Bew(e)
wlewlo”
— é(ur,y)éﬁﬁA(uf,u)HJrf/I/ (4.89)

. noise
signal

where Cjg is defined in (4.72).

Source Number Estimation and Subspace Decomposition

We estimate the number of paths using the MMDL criterion thus

- 1
P = argmin X M Ry log(\,) + 5(102 + p) log M R; (4.90)

p=1, MRy—

where )\, are the eigenvalues of C,. Again, the signal subspace eigenvectors

E, is obtained by decomposing C; using (3.8).

Joint Parameter Estimation

As in the RSSM-MEMCHAP, the parameter estimation stage of the TSSM—
MEMCHAP is based on 2D extension of the ESPRIT method. We begin by
defining selection matrices Jq1, Jqo2, J;1 and J,o by replacing N and R, in
(4.74) by M and Ry, respectively. Using (4.79)—(4.83) with ®, replaced by
®,, the structural parameters of the TSSM are obtained as

fr, = arg[diag{D(p,)}]
v = arg[diag{D(v)}] (4.91)
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TSS Estimation

Let s = [s1(n) sa(n) --- sp(n)]” be a vector containing the nth entry
of the TSS for all paths. Using (4.12), we obtain

~

h,=G,s"+z Vnel[l,N| (4.92)
where T, = [h1n(1), hin(2), - -+ han(K), han(1), - -+, ham (K)]T and G, is de-

fined as

G,=A,0G (4.93)

Here, A, is the receive array steering matrix (4.26). We again solve (4.92)
via a LS approach for the TSS.

Channel Prediction

As before, the predicted CSI using the TSSM-MEMCHAP approach is de-

fined as

P
H(k) =) 8ha. (i)™ (4.94)
p=1

4.4.4 DOD/DOA - MEMCHAP

The steps in the DOD/DOA-MEMCHAP approach are as follows.

Covariance Matrix Estimation

The spatio-temporal covariance matrix Cgy containing the receive spatial,

temporal and transmit spatial correlation is estimated from (4.17) thus

. 1 ~ -
Ca= =—HaHY (4.95)
Tq
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which can be shown using (4.22) to be

Cu— Ti (A", ', 2)B(c) + w(e)) (A, i, v)B(c) + w(c))!

1

= 7 (A VBB A 1t 1)+ 2A (W v)Ble)w (o)

c=1
+ w(c)w(c)?
= A(p', pt, V)C@A(ur, p' )"+ o’ (4.96)

noise

signal

As seen in (4.96), the signal component of Cy is a function of the 3P param-
eters {1, 1y, up}f::l. Cq4 will be used in a 3D ESPRIT approach to extract

these parameters.

Source Number Estimation and Subspace Decomposition
We estimate the number of paths using the MMDL criterion thus

R , 1, ,
P=agmin ~ Talog(Ay) + 5(p" +p)log Ty (4.97)

Here, A\, are the eigenvalues of Cq and the signal subspace eigenvector matrix

E, is obtained by decomposing Cq using (3.8).

Joint Parameter Estimation

Using (4.53), we form six selection matrices (two for each dimension in the
transformed data) thus

Jan = Iy @Iy ® Jiq

Jaz = Iy @ Iy ® Jag

Jou =1y ®J1; @15,

Jio = Iy @ Joy @ Igy

Ju=J Iy ®1g,

Jo =Jo @ Iy ®@ I, (4.98)
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Using (4.98), we form the invariance equations

T B = JpoE @y
JrlEs = JrQEs(ﬁr
JuE = JoE®, (4.99)

which are solved to obtain the transition matrices <§d, <I§r and ét. Again, we
use the MEVD to achieve automatic pairing of the estimates. Estimates of
the parameters are then obtained from the corresponding transition matrix
using (4.84).

Complex Amplitude Estimation

We assume that the complex amplitude of each path is equal for all antenna
pairs, which is reasonable considering the separation of gain from array de-
pendent steering vectors in (4.2). The complex amplitudes can therefore
be estimated via a least square fit to the known channel. Using the Van-
dermonde structure of the steering matrix and (4.2), we form the following

equation for the first entry of H

har (1) 1 1 o w(1)

hiy(2 eI eIvp a w(2

Sl I L | SRR (4.100)
]A’L11<K) e.j(Kfl)’)l e ej(Kfl)lA/fD aﬁ w(K)

which can be written in matrix form as
by = Ga+w (4.101)
In (4.101), & can be obtained via a regularized least square solution
é& = (GG + oI)G'hy, (4.102)

where o is the regularization parameter chosen to minimize the effects of

errors in G on the estimation. Note that although (4.102) gives an estimate
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of the complex amplitudes, our preliminary simulations show that improved
estimates can be obtained by using other entries of H in the estimation. We

therefore generalize (4.101) as

hyy = Grna+w Ve [1,N] me[l,M] (4.103)
with Gmn defined as
Gpn =V, 0 Govt (4.104)
where v} is defined as
v [eﬂm—l)u; im=1ps eJ'(m—l)uis} (4.105)

t

v! is defined analogously. We combine the NM equations in (4.104) and

n

solve for & as
&= (GHGy+ o1)Gln (4.106)
~ ~ ~ ~ T ~ A A ~
where h = [thl hL, . h{m} and Gy = [GH Gy - GMN] Tt
should be noted that the choice of using (4.102) or (4.106) is a compromise
between complexity and accuracy since the improved amplitude estimates in

(4.106) is achieved at the cost of increased computational complexity. In this

chapter, we will utilize (4.106) for our analysis.

Channel Prediction

Extrapolation of the CSI using the DOD/DOA-MEMCHAP is achieved via
. P

H(k) = dpa(in)af ()’ (4.107)
p=1

Table 4.3 presents a comparison of the proposed methods in terms of

model, array geometry dependence, and application.

4.5 Application to 3D Propagation Scenarios

In Sections 4.1-4.4, we have proposed different methods for the prediction

of 2D narrowband MIMO channels. The methods are based on parametric
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Table 4.3: A comparison of the proposed methods

Method MSSM TSSM RSSM DOD/DOA
Receive No Yes No Yes
Correlation Transmit No No Yes Yes

Temporal Yes Yes Yes Yes

SISO Yes No No No

SIMO Yes Yes No No
System

MISO Yes No Yes No

MIMO Yes Yes Yes Yes

Other Yes Yes Yes Yes

Array Geometry
Modification No Yes Yes Yes

modeling of the double directional channel. We utilized multidimensional
ESPRIT for estimating the parameters of the channel (i.e., angles of arrival,
angles of departure, Doppler frequency shifts and complex amplitudes) and
extrapolated the channel using the estimated parameters. These schemes
considered 2D propagation scenarios where the elevation spectrum is ne-
glected. It has, however, been shown that neglecting the elevation spectrum
impacts the accuracy of the model [171]. This is particularly true in scenar-
ios where the mobile station is indoor or in-vehicle such that rays which are
reflected from the floor and/or ceiling contribute significantly to the received
signal power.

While there exists extensive literature on 3D MIMO channel modeling
(see e.g [6,171] and the references therein), no literature exists on the pre-
diction of 3D channel models. Moreover, parametric estimation of channel
parameters has been identified as a useful approach for channel estimation

[197,228] and localization [82] in massive MIMO systems. In this section, we
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extend our concept to parameter estimation and channel prediction in 3D
MIMO systems. Although all the proposed methods can be extended to 3D
prediction, we present only extension of the DOD/DOA-MEMCHAP®.

4.5.1 Channel Model

Consider the 3D propagation environment in Fig. 4.2. The 3D channel im-
pulse response is obtained by introducing the elevation parameters to the 2D
model in (4.2) as

P
H(t) = Z apa (0, ﬁp)a?(@m pp)elrt (4.108)

p=1
where ¥, and ¢, are the elevation angles of arrival and departure, respec-
tively. Note that (4.108) is applicable to any array geometry, we will consider
a typical scenario with a N, x N,, UPA at the Base Station (BS) as shown in
Fig. 4.2 and a M-element ULA at the Mobile Station (MS). Here, we assume
that the BS antenna elements have equal spacings df and d} along the z-axis
and y-axis, respectively and that the MS antenna are spaced d, apart. The
channel impulse response between the (n,,n,)th BS antenna and mth MS

antenna can therefore be expressed as

P
(1) = 3 e {2 cossysin o concy oy
p=1
+(m—1)dy cos 0p sin ¥p]+wpt} (4109)

h(nw,ny),m

Assuming that the MS moves in the horizontal plane with velocity v at an
angle of 1, relative to the array broadside, the Doppler frequency of the pth
path can be shown to be

27v (cos ¥y cos b, cos ¥, + sin )y, cos b, sinv,)
wp =
A

(4.110)

9A similar procedure can be used to extend the other methods to 3D channels.
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Scatterer 1

Scatterer P

Figure 4.2: Hlustration of 3D MIMO propagation with UPA at the BS and
ULA at MS.

We arrange (4.109) into a N, N, x M matrix

hant  ha2a - hanytr heyr 0 havng)a
H(1) - h(1i1),2 h(1j2)’2 : h(1,1'vy),2 h(Zjl)’Q : h(inNy),Q
hanav ham - hanyv heoyay - AN

(4.111)

which can be expressed in the form of (4.108) with the array response vectors
defined as

1
e{—j?ﬂ'dr cos Op sindp }

ar(9p> ﬁp) — e{—j47rdr cos B sindp } (4112)

6{—j(1\4—1)7rdr cos Op sinp }

and

ai(dp, p) = a3 (dp, p) @ & (D, Pp) (4.113)
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where af(¢,, ¢,) is defined analogous to (4.112) with M replaced by N, and
d, by df. In (4.113), aj (¢, ¢,) is given by

1

6{7j27rdf cos ¢p cos pp }

al (¢, pp) = | elIAmdicostneosen) (4.114)

e{fj(Nyfl)ﬂ'dZ COS p COS Yp }

Note that the 3D channel model can be parametrized by {«,, 6,, V., ¢y, gap};::l
which needs to be estimated. Again, we assume that the parameters and the
mobile speed remain constant over the region considered. The sampled 3D

impulse response at the k instant can be represented as

p
H(k) = Z apay (O, ﬁp)atT(Cbpv ‘PP)ejkVp (4.115)

p=1

4.5.2 3D Prediction Based on DOD/DOA-MEMCHAP

We will now describe the 3D extension of the DOD/DOA-MEMCHAP. As
in the 2D schemes, there are two key problems. First, the number of an-
tenna elements at both ends of the link are less than the number of paths.
Second, estimation of azimuth and elevation parameters using the ULA at
the MS often results in ambiguity in one of the dimensions. Our algorithm
increases the number of resolvable paths by performing a transformation on
the available 3D CSI. The temporal structure of the channel is used as an
additional dimension at the MS which allows for the extraction of both az-

imuth and elevation angles of arrival as well as the Doppler frequencies'®.

10This is possible provided that the array elements are not aligned in the direction
of motion. Since explicit knowledge of the AOAs and AODs are not required for the
extrapolation, our methods still offer reasonable performance when the antenna elements

are aligned in the direction of motion as illustrated in Fig. 4.3.
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For convenience, let us denote

p, = 2mdy cos B, sin 0,
py = 2mdy cos ¢ sin @y,

() = 2mdy cos ¢, cos @, (4.116)

Substituting (4.116) into (4.115) gives

Zapar 1) al’ (1 ,u;y)ejk”” (4.117)

Based on (4.117), the 3D channel prediction can be achieved by estimat-

ing the spatial frequencies { i, 11, pi Doppler frequencies {Vp} _, and

p 1
complex amplitudes {o,} ;. The stages involved in the prediction will be

discussed in the sequel.

Data Transformation

Given K noisy estimates of the channel ﬂ(k), k=0,1,---, K —1, we first

perform a vectorization on each of the channel matrix samples, thus

~

ll(k):::vec[fi(k)]

= Z ap(ac(p’ —p) @ a (i, 1))’ + w(k) (4.118)

Assuming that the maximum possible number of paths Pp., is known a-
priori, we select a free parameter Z such that P +1 < NyNyMZ and form
the Hankel data matrix

h(0) h(1) --- h(K-2)
o 1@) h@ r MKiZ+U (4119
h(Z—-1) h(Z) -~ h(K-1)
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Using (4.118), the data in each column of (4.119) can be shown to be

P

d(z) =Y Bp(2)(a(py) @ auuy, 1) © aq(v,) +w(2) (4.120)

p=1

z—1)

where 3,(2) = a,e® Y and a4(v,) is the Z x 1 vector

ag(vy) =[1 e e ... Z7DwT (4.121)
Equation (4.120) can be expressed in matrix form as

d(z) = (Ac(p") © Ag(p™) 0 Ae(u™) 0 Aa(v))B(2) + W(2)
=AB(z) + w(z) (4.122)

B(z) = [fi(z) Ba2(z) -+ Bp|T and A, (") is defined in (4.26). A (u™),
Ai(p%) and Aq(v) are Vandermonde structured matrices defined as

1 1 e 1
. eIng eI e eIng
A(p™) = : : . : (4.123)
I Nl G (Nam D i (Na— Dl
[ 1 1 e 1 i
eint’ eins’ . eIng
A(p¥) = . : , . (4.124)
j(Ny_l)Utly j(Ny_l)Ntzy .. J'(Ny_l)ﬂg
e e e ]
and
1 1 - 1
eIt eiv2 - eJvP
Aq(v) = ‘ _ . ) (4.125)
eIZ-N i(Z-Dv2 .. i(Z-1)vp
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Joint Parameter Estimation

We begin by estimating the spatio-temporal covariance matrix from (4.119),

given by

DDH

C=-_—_—""- 4.12
K-7Z+1 (4.126)

The number of dominant sources is then estimated using the MMDL as

N

1
P =arg min |(K —Z+1)log()\,) + §(p2 +p)log(K —Z +1)| (4.127)

pE[l,U]

where U = NyNyMZ and {\,}!_, are the ordered eigenvalues of C. Using
]5, the eigen-decomposition of C can be separated into the signal and noise

subspaces as

A, EH
A |EE

= EAE? + E,AEY (4.128)

N

C=[E;, E||

where Eg € CU*P and A € RU*F are the signal subspace eigenvectors
and the associated eigenvalues, respectively. E, € CUXW=P) and A, €
RWU-P)x(U=P) corresponds to the noise eigenvectors and eigenvalues. Since,
the data matrix in (4.119) exhibits translational invariance in four dimen-
sions, the multidimensional extension of ESPRIT can be applied to jointly
estimate the spatial frequencies in (4.116) and Doppler frequencies. Using

(4.53), we form eight selection matrices (two for each dimension in the trans-

101



4.5. APPLICATION TO 3D PROPAGATION SCENARIOS

formed data), specifically

Jan =1y @Iy, @Iy, @ J1q
Jar = Ly @ Ly, @ Iy, ® Jog
Jixt = Iy @ J14x @ In, @ 12
Jixe = Iy @ Joix @ Iy, @ Iz
Jiy1 =y @Iy, @ J1y ® 1
Jiyo = Iy @ Iy, @ Jory ® 1
Ju=Jn @Iy @1y, @1z
Jo =T oLy @1y, @1, (4.129)

Using (4.129), we form the invariance equations

JuE, = JLE®,

JaE, = JoE®,

Joa By = JuoE Py

Ji1 Bs = Jiyo B @y (4.130)

where @, satisfies the relation
cig[®,] = D(,) (4.131)

By minimizing the mean squared error in (4.130), we obtain

®, = (InEs)"(InE,))  (JnEy) " (JE)

P = (JuaEo) " (T Es)) T (T Eo) T (JiaEs)

B, = (J1E) (T Es)) " (TigiBy) (T o Ey)

@4 = (JuE)"(JuE)) " (JaE) " (JEy) (4.132)

which can be solved for the spatial frequencies in (4.116) and Doppler esti-

mates, with an additional pairing stage to associate the parameter sets for
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each path. As in Section 4.4, we use the Mean Eigenvalue Decomposition
(MEVD) to automatically pair the estimates. Let

¢:¢r+¢tx+¢ty+¢d
=T AT (4.133)

Using (4.131) and (4.133) yields

D(p¥) = T®, T
D(p{) = T®, T
D(v) = T® T (4.134)

p' = arg[diag{D(p,)}]
p = arg[diag{D(p)}]
p = arg[diag{D(p})}]
v = arg[diag{D(v)}] (4.135)

Amplitude Estimation

Following estimation of other channel parameters, the complex amplitudes
can be estimated in a least square sense. Using the model in (4.117), the

first entry of the channel matrix can be expressed as
P
haa(k) = Z ozpe”k"p +w(k); k=0,1,--- , K—1 (4.136)
p=1

Putting the K equation in (4.136) into a matrix form yields

~

h(171)71 =Fa +w (4137)

where fl(l,l),l = [3(1,1),1(0), 3(1,1),1(1), e ,B(l,l),l(L—l)]T, o =lag,a, - ap]t
and F is the L x P Vandermonde matrix defined analogously to (4.124) with
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Z replaced by K and P with P. Using (4.137), each entry of the channel

matrix can be represented as

~

h(nw,ny),m = F(n%ny)7ma +wW (4.138)
where
F(nz,ny) =Fo V(ng,ny),m (4139)
With Vs, p,)m = [tz DA HEHny =D+ m=Dpt} 7e{(nz*1)H§§‘+(ny71)ug+(mfl)ug}]'

Now assume that the N, N,M equations in (4.139) are combined as

~ ~ ~ ~

h = [fl(1,1)717fl(1,1),27 o Lhananhagy o hagan e h v

(4.140)
Using (4.139), (4.140) can be represented as
h=(FoV)a+w
=Ga+w (4.141)

where V. = A, o Aix © Ayy. The solution of (4.141) via MSE minimization

yields estimate of the complex amplitudes as

&= (GG +9I)"'Gh (4.142)

Channel Prediction

Based on the estimated parameters, the predicted CSI at time instant £ is

computed using

P
71 (meiy), Z (m=1)a5+(ne—1) A5 +(ny —1) i) +kop } (4.143)
=1

4.6 Simulation and Results

In this section we present simulation results to illustrate the performance of
the proposed schemes along with a comparison of the computational com-

plexity of the different algorithms.
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Table 4.4: Narrowband MIMO Channel Simulation Parameters

Parameter value

Carrier Frequency 2.1 GHz

Mobile Velocity 50 kph

Tx/Rx Antenna Conf. ULA @ 1/2 X spacing
Sample Density 10/A

Taps 1

Training Length 50,100

4.6.1 Performance Comparison

We consider a 2 x 2 narrowband MIMO system with the simulation pa-
rameters listed in Table 4.4. Without loss of generality, we consider the
first cluster (tap)!! in the WINNER II Urban macro-cell Non-Line-of-Sight
(NLOS) channel model with all parameters other than those specified in Ta-
ble 4.4 retaining their default values. Figures 4.4-4.5 show the effect of the
amplitude estimation accuracy on the overall prediction performance. We
compare the performance of the DOD/DOA-MEMCHAP scheme with the
complex amplitudes estimated using only the first entry of the CSI as in
(4.102) and using all entries of the CSI as in (4.106). In Fig. 4.4, we plot the
Normalized Mean Squared Error (NMSE) versus the prediction horizon (in
wavelengths). The negative values of prediction horizon values correspond to
the training segment. We observe that the method using only a single entry
of the CSI for amplitude estimation performs poorly when compared to the
method utilizing all entries. This is intuitively obvious since increased data is

expected to result in improved estimation performance. Figure 4.5 presents

"' The schemes can be applied to all other clusters or to a summation of the impulse
responses of all the clusters weighted according to their respective PDP. Our aim in this
section is to compare the performance of the schemes and evaluate the effects of the spatial

correlations on the different schemes.
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the Cumulative Distribution Function (CDF) of Normalized Squared Error
(NSE) for a prediction horizon of 1A. It shows that both single entry and all
entries amplitude estimation based prediction exhibit similar performance for
most of the channel realizations, except for a few instances where the single

entry based approach have very high NMSE.

Figure 4.6 shows the NMSE versus prediction horizon for all methods.
We observe that the DOD/DOA approach outperforms all other methods,
with the RSSM and TSSM having approximately equal performance. The
MSSM shows the highest NMSE over the entire range considered indicating
that the utilization of the spatial structure for array gain in the DOD/DOA,
TSSM and RSSM improves prediction performance. The similarity in per-
formance of the TSSM and RSSM methods is expected since the numbers
of transmit and receive antenna elements are equal in the simulated system.
An increase in the number of elements at either ends is expected to improve
the performance of the corresponding method. The corresponding CDF of
NSE is presented in Fig. 4.7 at a prediction interval of 1\. The DOD/DOA
method shows the lowest NSE for all channel realizations followed by the
TSSM and the RSSM methods.

The effects of sample density on the performance of the proposed methods
is illustrated in Fig. 4.8 where we plot the NMSE versus prediction horizon.
We consider a training segment of 1\ with 50 and 100 samples corresponding
to a sampling rate of 50/X and 100/), respectively. Unlike the result in
Fig. 4.6, the MSSM method offers better performance in the training segment.
However, the performance in the prediction segment remains the poorest.
The corresponding NSE CDF at a prediction interval of 0.1\ is shown in
Fig. 4.9.

We show the effects of increasing SNR on the performance of the proposed
methods in Fig. 4.10 where we plot the NMSE versus SNR for a prediction
horizon of 1. As expected, as a consequence of improved parameter estima-
tion accuracy, the NMSE of the algorithms decreases with increasing SNR. A

comparison of the performance with the Cramer-Rao bound will be presented
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in later chapters.

Finally, we illustrate the performance of the 3D DOD/DOA-MEMCHAP
scheme in Figs. 4.11-4.12, where we plot the NMSE versus SNR for different
numbers of transmit and receive antennas. The channel is generated syn-
thetically using the simulation parameters in Table 4.4. The amplitudes are
generated as complex Gaussian distributed random variables, a;, ~ CN(0,1).
The azimuth angles of arrival and departure are assumed to be uniformly dis-
tributed, i.e., 8,, ¢, ~ U[—m, 7). The arrival and departure angles in the ele-
vation are drawn from a Laplacian distribution with {y = 1.26,0 = 0.16} and
{1 =0.90,0 = 0.20}'2, respectively. Fig. 4.11 shows the performance of the
3D prediction approach for a 2-element receive antenna array and different
transmit array sizes at a prediction horizon of 1 A. As in the 2D methods,
the NMSE decreases with increasing number of antennas and/or SNR. In
Fig. 4.12, we compare the performance of the 3D DOD/DOA-MEMCHAP
and its 2D equivalent. We observe that while the 3D scheme with a 2 x 2
UPA at the BS outperforms the 2D approach with a 2-element ULA at the
BS, the 2D method performs better with 4-element ULA at the base station.
This is expected since more parameters are estimated in the 3D method us-
ing the same amount of observation. It may therefore be advantageous to
deploy a 4-element ULA at the BS instead of a 2 x 2 UPA in order to exploit
the improvement in prediction performance. However, considerations has to
be given to the benefits offered by 3D propagation using the UPA and the
slight difference in the complexity of the parameter estimation stages of the

two configurations.

4.6.2 Complexity Analysis

The major computational requirement of all the proposed methods (i.e.
MSSM, TSSM, RSSM and DOD/DOA) is accounted for by the covariance

12These values are selected from the WINNER+ specifications for urban macro scenarios
[6].
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matrix estimation, estimation of number of sources, ESPRIT based param-
eter estimation and complex weight estimation stages. The computation
of the covariance matrices in the MSSM, TSSM, RSSM and DOD/DOA
based methods has complexity O(NMT,,R2), O(NM?*T,R?), O(N*MT,R?)
and O(N2M*T,R?%), respectively. In order to allow for fair comparison of
the algorithms, we choose the Hankel size parameters R, R;, R, and R4
such that the covariance matrices in (4.54), (4.70), (4.88) and (4.95) have
the same dimension. Thus, the complexity for estimating the covariance
matrix in each of the schemes has same order of magnitude. Similarly,
the MMDL based estimation of number of paths has a principal complex-
ity (accounted for by the eigendecomposition of the covariance matrix) of
same order of magnitude for all methods. The ESPRIT and multidimen-
sional ESPRIT based parameter estimation stages of the four algorithms only
differ in the number of matrix multiplications and inversions required and
has complexity O(Ry,P? + P?), O(2M R, P? + 3P%), O(2N R, P? + 3P?) and
O(3N M RqP2+4P3) for the MSSM, TSSM, RSSM and DOD/DOA based ap-
proaches, respectively. Clearly, the complexity of the proposed schemes differ
slightly for the parameter estimation stage. The DOD/DOA has the highest
complexity followed by the TSSM and RSSM which has same computational
requirement.'® The MSSM based method has the lowest computational com-
plexity for the parameter estimation stage. Finally, all methods has the same
complexity, O(NM K ]52), for the weight estimation stage. A summary of the

computational complexity of the proposed methods is presented in Table 4.5.

4.7 Summary

In this chapter, we proposed four different schemes for the prediction of

narrowband MIMO channels based on parametric modeling. The proposed

13This assumes that the number of transmit and receive antenna elements are equal. If
the system has higher number of receive antenna, the complexity of the TSSM would be

greater than the RSSM and vice versa.
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Table 4.5: Complexity Comparison of the Proposed Prediction Schemes

Step Algorithm

MSSM TSSM RSSM DOD/DOA
Covariance Matrix Estimation = O(NMT,,R%) O(NM?T,R?) O(N2*MT,R?) O(N?M?TyR?%)
Estimation of Number of Paths O(R3)) O(M3R?) O(N*R3) O(N*M?R%)
Parameter Estimation O(RuP? + P¥) O@QMR.P?+3P% O@2NR.P2+3P%) OBNMR.P*+ 4P?)
Weight Estimation O(NMKP?)  O(NMKP?) O(NMK P?) O(NMK P?)

methods are based on different formulations of the double directional MIMO
model and adaptation of multidimensional extension of ESPRIT for joint pa-
rameter extraction. We illustrated the prediction performance improvement
offered by the spatial structure of the channel revealed by multiple sampling
of the wavefield. We observed that the method utilizing both transmit and
receive spatial structure for array gain outperform those using only receive
(TSSM-MEMCHAP), only transmit (RSSM-MEMCHAP) and no spatial in-
formation (MSSM-MEMCHAP). A framework for extending the proposed
methods to 3D propagation is also presented. The performance of the 3D
method was evaluated using elevation parameters from the WINNER+ chan-
nel model [6].
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Wideband MIMO Prediction

N Chapter 4, we developed algorithms for the prediction of narrowband
MIMO channels. This chapter extends our prediction concept to wide-
band MIMO channels, where the resolution of the system allows for the
extraction of path delays in addition to the AOA, AOD and Doppler fre-
quencies. Motivated by the far-field cluster based double directional spa-
tial channel modeling for MIMO systems as obtained in recent standardized
MIMO channel models such as 3GPP/WINNER II [3] and COST273 [53],
we also propose a 2 stage ESPRIT based parameter estimation algorithm.
The scheme comprises of 1-dimensional cluster parameter estimation stage
followed by 3-dimensional joint angle of arrival (AOA), angle of departure
(AOD) and Doppler shift estimation. The predictors utilize the transmit
spatial, frequency, receive spatial and temporal correlations of the channel to
extract the parameters of the dominant clusters and apply these to predict
future states of the channel. Estimation of the channel parameters offers a

number of potential benefits viz:

e Reduction in the number of parameters to be estimated,
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5.1. CHANNEL MODELS

e Increased number of resolvable rays with limited number of available

samples, and
e Improved overall prediction performance.

The content of this chapter has been published in part in [16, 18].

5.1 Channel Models

We consider several formulations of a ray-based wideband spatial MIMO
channel model for the development of the prediction schemes. The formu-
lations are extensions of the continuous time impulse response of doubly

selective SISO fading channels, defined as

h(t;7) =) ay(t)(r —7,(1)) (5.1)

where ¢ and 7 are the time and delay variables respectively, P is the number
of paths, and a,(t) and 7,(¢) are the time-varying complex attenuation and
delay of the pth path, respectively. We assume that the scattering sources are
in the far field of both the transmit and receive antenna arrays such that the
propagating waves can be modeled as plane waves. The complex attenuation
of the pth path can thus be defined as

Rp
a,(t) = Z B, peerpt (5.2)
r=1

where R, is the number of rays in the pth path, w,, is the radian Doppler
frequency of the rth ray in the pth path, j = /=1 and $3,,, is the complex
amplitude of the rth ray in the pth path. The model in (5.2) can be ex-
tended to a MIMO channel with N transmit and M receive antennas via the

introduction of transmit and receive array structures, giving

R,
H,(t) = Z Brpar(Orp)ag (drp)e’ ! (5.3)

r=1
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Summing (5.3) over the clusters and taking the Fourier transform in the delay

domain, we obtain the frequency response of the MIMO channel as

,
H(t, f) = Y H,(t)e 72

P Ry

= Z Z Brpar(0,)al (¢, )elwrrt =327 (5.4)

p=1 r=1

where f is the frequency variable. Assuming symbol duration Tg,mp and

subcarrier spacing Af, the sampled frequency response is given by

P Ry

H(q, k) = Z Z ﬁw,par(er,p)ag(¢r,p>ejqw’p_jknp (5.5)

p=1 r=1

where g = 0,---,QQ —1and £k =0,---, K — 1 are the time and subcarrier
indices, respectively. In (5.5) v4, = Wy pTeamp and 1, = 27Af7, are the
normalized radian Doppler frequency and delay, respectively. Equation (5.5)
will be referred to as the Cluster Based Model (CBM) and will form the basis
for the development of the cluster based prediction method in Section 5.4.

Combining indices p and r in (5.5), we obtain
z
H(q, k) = Z ﬁzar<QZ)a?(¢z)equz_jknz (5.6)
z=1

where 7 = Z;::l R, is the total number of propagating rays. Each ray is
characterized by the parameter set {f,,0,,¢.,v.,n.}. We assume that no
two rays share a common parameter set, but different rays may have one or
more equal parameters. Note that in practical scenarios, (5.6) has a finite
support in the transmit angular, Doppler, delay and receive angular domains
since the multipath parameters are bounded.

We now describe different formulations of the model in (5.6), where we

progressively remove restrictions on the array structure.
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5.1. CHANNEL MODELS

5.1.1 DOD/DOA Model

The first model is based on the assumption that the array response vectors a,
and ay are explicit functions of the directions of arrival (DOA) and directions
of departures (DOD) [110] as shown in (5.6). Similar to Section 4.1, we will
consider systems with uniform linear arrays (ULA) at both ends of the link
such that the transmit and receive steering vectors are given by (4.7) and

(4.8), respectively.

5.1.2 Transmit Spatial Signature Model (TSSM)

Following a similar procedure as in Section 4.1.2, the TSSM equivalent of
(5.6) can be expressed as

Z
H(g, k) = Y an(pt)sT et ot (57)

z=1

5.1.3 Matrix Spatial Signature Model (MSSM)

Similar to the T'SS model, the MSSM [110] replaces the product of the array

steering vectors by an N x M unstructured matrix spatial signature, S, giving

Z
H(q k) =) _S.e/m=/hn (5.8)
z=1

A summary of the number of parameters required for each model and de-
pendence on number of antenna elements is shown in Table 5.1. We assume
that () temporal samples and K frequency samples of the channel frequency
response matrix are available by transmitting known training sequences or
from other channel estimation approaches. The estimated CSI matrix at

time instant ¢ for the kth subcarrier is defined as
H(k.q) = H(k,q) + N(k.q) (5.9)

where N(k, q) € CV*M is a matrix of complex Gaussian random variables

that accounts for channel estimation errors.
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Table 5.1: MIMO Model Parametrization and Dependence on Number of

Antennas

Model Structural Param. Amp. Real Param.
DOD/DOA {tufw /1427 Vz, ”Iz}zZ:1 {m(ﬁz)7 ( ) z=1 62

TSSM {ws,veym Yo, {M(s.), 3(s.)} 2, Z(2M +3)
MSSM {nm}, (NS IS, 2Z(NM 1)
CBM {{qu",gﬁut‘? Vr,p}f:plvnp}gzl {R(Brp)s (ﬂrp)} ’ 5 1 %Z+P

5.2 Data Transformation

Having described the channel model variations for the development of the
prediction schemes, we now present the data preprocessing necessary for the

extraction of the parameters from available channel observations.

5.2.1 DOD/DOA Transformation

As shown in (5.6), the DOD/DOA model is characterized by 47 structural
parameters {5, 1t 7., n. 12, and Z complex amplitudes. Extraction of these
parameters from the channel observations requires a four dimensional array
data structure. Let h(q, k) = vec[H(q, k)] € CVM*! be a vector obtained
by stacking the columns of H(g, k). Using (5.6) and the properties of the

Kronecker product, it can be shown that

A
h(g.k) =Y B.(ar(ul) @ ay(ul)el®=—ikn- (5.10)

z=1

Note that the transformation in (5.10) combines the receive and transmit spa-
tial dimension of the channel. In order to introduce the temporal dimension,

we define

D(k) = [h(1,k) h(2,k) --- h(Q,k)] (5.11)

117



5.2. DATA TRANSFORMATION

and form a Hankel matrix by sliding an N M x R rectangular window through
(5.11) to obtain

h(l,k) h(2,k) - h(Rk)
b, h(2:, k) h(;, k) h(R+:1,k) -
h(S,k) h(S+1,k) --- h(Q,k)

where S = ) — R+ 1. The frequency dimension of the channel is similarly

introduced by forming a block Hankel matrix from K such matrices to obtain

D1 D2 . DT
Xq=| T (5.13)
Dy Dwyyy - Dg

where U and T are the Hankel matrix size parameters with U = K — T + 1.
The values of S, R, T, and U are selected such that NMSU > Z + 1.
There is, however, a compromise in selecting these: large values of S and U
increases the number of rows in X4 and hence the number of sources that
can be resolved, but this results in small values of R and T" which degrades
the accuracy of covariance estimates. Using the model in (5.10) and the

transformations in (5.12) and (5.13), the data in the columns of X4 can be

modeled as B
xa(i) =Y Bea(l, pt, vz,m:)e /00 (5.14)
z=1
where a(ul, pt, v, n:) = (a,(ph) ® ay(pl) ® ag(v:) @ a-(n.)) with
ag(v) = [l & ... VT
ag(n.) = [1 eI L. e—j(U—l)nz]T (5.15)

Defining o, (i) = 8,770~V (5.14) can be expressed as
z
xa(i) =Y ou(ia(pl, b, vz, n.)
z=1
= A(p' ', v mafi) (5.16)
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Table 5.2: Wideband MIMO Data Domain and Parameters

Model Data Domain
Receive Transmit Temporal Frequency
DOA/DOD AOA AOD Doppler Shift Delay
TSSM AOA - Doppler shift Delay
MSSM - - Doppler shift Delay
where a(i) = [y -+ az] € CZ* and A = [a(u}, b, vi,m)

a(uy, 1ut, vz,mz)] is a Vandermonde structured steering matrix, with g, p®, v
and m defined as Z x 1 vectors of their respective parameters. It can be seen
that (5.14) corresponds to a four dimensional array data model obtained
by combining the transmit spatial, temporal, frequency and receive spatial
dimensions of the wideband MIMO channel. A summary of the dimensions

considered by each model and the corresponding parameters is shown in
Table 5.2.

5.2.2 TSS Transformation

As shown in (5.8) and Table 5.1, parameterizing the TSSM requires 37 struc-
tural parameters {u®,7.,7.}2_;. We will here derive a data structure that
allows joint extraction of these parameters from (5.7). Using the @) tempo-

ral samples, we start by forming a block Hankel matrix for each frequency

sample,
H(1,k) H(2, k) H(R, k)
B, — H(27 k) H(3, k) H(R+ 1, k) (5.17)
H(S k) H(S+1,k) --- H(Q, k)

Note that (5.17) combines the receive spatial and temporal property of the
channel into one dimension corresponding to the columns of By. In order to

include the frequency dimension of the wideband channel, we form another
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block Hankel matrix from (5.17) as

B, B, --- Br
B B ... B

X, =| (5.18)
By By -+ Bg

Based on the transformations in (5.17) and (5.18), the data in the columns
of X, is given by
x,(i) = A, v, mai) (5.19)

where A(u*,v,n) is defined as.!

A(p',v,m) = Ar(p") 0 Aa(v) © Ag(n) (5.20)

where A, and A4 are the Vandermonde matrices in (4.27) and (4.29), respec-
tively. Ay is defined as

ejnl €j772 PN ejnZ
Ar= (5.21)
ed(Ra=1)m  pi(Ra—D)m2 ... gi(Ra—1)nz

5.2.3 MSS Transformation

The MSSM is parametrized by 27 structural parameters and N M Z complex
amplitude parameters. Extraction of these parameters from the channel

requires a two-dimensional datum. Similar to (5.11), we form a Hankel matrix

W'(1,k)  hT(2,k) ---  hT(R,k)
Cy = hT(?’k) hT(:S’k) hT(RTLk) (5.22)
W'(S,k) hT(S+1,k) ---  hT(Q,k)

'For simplicity of notation, we use a common variable for the array steering matrix in

all three models. The precise definition is obvious from the context.
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Note that the columns of C;, correspond to S temporal measurements of the

channel and can be modeled as

celi) =Y a(i)ag(v.) (5.23)

where a,(v,) is an S dimensional vector defined in (5.15). The data in (5.23)
provides information about the Doppler shifts of the channel. The frequency
structure of the channel can be included by forming a block Hankel matrix
X analogous to Xy with Dy, replaced with Cj. The columns of X,,, can be
shown using (5.23) to be

Z

xXin(i) = ) (i) (aa(r2) © a(1.))
=A(v,n)a(i) (5.24)

As shown in (5.24), X,,, corresponds to a two-dimensional datum obtained
by combining the temporal and frequency structure of the channel. The
Doppler shifts and delays of arrival can therefore be extracted jointly using

appropriate parameter estimation algorithms.

5.3 Non-Cluster Based Prediction Methods

We now propose prediction algorithms using the models developed in Section
5.1 and the transformed data derived in Section 5.2. We will henceforth
refer to the algorithms as Wideband-Multidimensional ESPRIT based MIMO
CHAnnel Predictor (WIMEMCHAP), and use the acronyms for the models
as prefixes to distinguish the schemes. For example, the algorithm based on
TSSM will be called TSSM-WIMEMCHAP and so on. Note that although
the algorithms are based on the same idea of parametric modeling, they differ
in the model, dimension of parameter estimation and number of amplitude

and structural parameters to be estimated.
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5.3.1 DOD/DOA-WIMEMCHAP

Consider the transformed data model in (5.12) and (5.14). Since the array
steering matrix A is equivalent to a product of four Vandermonde matrices,
the invariance structure in A can be utilized to estimate the parameters
of the channel. Motivated by the accuracy and computational efficiency of
the ESPRIT algorithm [158|, we propose an adaptation of multidimensional
extension of ESPRIT to jointly extract the parameter sets {2, ut, 7., n.}2_,
and apply the parameter estimates to extrapolate the channel. As in the
narrowband schemes of Chapter 4, the prediction algorithm can be divided

into the following stages:
e covariance matrix estimation,
e estimate of the number of paths and subspace decomposition,
e joint parameter estimation,
e channel extrapolation.

We will now describe the above stages of the algorithm.

Covariance Matrix Estimation

In the presence of estimation or measurement noise, the model in (5.14)

becomes
%ai) = A(, ', v, m)a(i) + n(i) (5.25)

where n(7) models the effects of N in (5.5). The covariance matrix (contain-
ing the spatial, temporal and frequency correlations) can be estimated from
(5.25) as

= A(p' pt v, n)CosA(p', u', v, m)" +0°1 (5.26)
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RT . . . .
where C,, = % Yoicy aa’l is the covariance matrix of the amplitude pa-

rameters. Cq can be expressed in terms of Xq in (5.11) as

R 1 ~
Cy= —X X4 5.27
a4 = prXaXq (5.27)

Number of Paths Estimation and Subspace Decomposition

Again, we utilize the MMDL [85] to estimate the number of paths as

. ' 1,
Z = arg . RT log(A;) + 5(2 + z)log RT (5.28)

where A, are the eigenvalues of Cq4. Once Z has been estimated, the eigen-

value decomposition of C4 can be expressed as

EH

S

A, | |EH
= EAE! + EAEY (5.29)

A
Cd = [Es En]

where Eg and A are the signal subspace eigenvectors and the associated
eigenvalues, respectively. The noise subspace eigenvectors and eigenvalues

are contained in E,, and A, respectively.

Parameter Estimation

We now outline the process of obtaining the parameter sets {u%, ut, v, nz}le
in Table 5.1. In order to explore the invariance structure [158] in the Van-
dermonde structured space-time-frequency manifold matrix, A, we define the
selection matrices {Jg;, Jyi, Jii, Ja 2, analogous to those in (4.129). Similar

to (4.130), we form the invariance equations
JE, = JL E®,
JpE, = JuE P
JoE; = Ja E,®q
JpEs = JnE;®; (5.30)
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where ®,, ®;, &4 and P; are defined analogously to (4.82). We minimize

the squared error of the equations in (5.30) to obtain

P, = ((Jr2ES>H( 2Es))” 1( rZES)H(Jr1E8> (5.31)
&, = (JoE )" (JoE, N H(JEs )7 (I Ey) (5.32)
Oy = (JE)" (J2E,)) (T Eo) (JoEs) (5.33)
& = ((JpE,)? (JpE,))  (JpE) " (JnE,) (5.34)

Estimates of the AOAs, AODs, Doppler shifts and delays could be obtained
directly from the solutions of (5.31)—(5.34) followed by an additional pairing

stage. In order to achieve automatic pairing of the estimates, we utilize the
MEVD [141]. Defining

Y =&, + @ + By + b (5.35)

we perform eigenvalue decomposition of Y to obtain the common eigenvectors

of the four matrices in the sum
YT =XAX ! (5.36)

The diagonal eigenvalue matrices are then obtained using

E=X'®3 (5.37)
E=X'®3 (5.38)
Eq=X'9,% (5.39)
B =392 (5.40)

where B, = eig(®,), E; = eig(P;), Eq = eig(Pq) and Z¢ = eig(Py). Finally,

estimates of the parameters are evaluated from (5.37)-(5.40) as

g = —arg(diag(E,)) (5.41)
4 = arg(diag(Eq)) (5.42)
' = — arg(diag(Z,)) (5.43)
n = —arg(diag(=y)) (5.44)
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Complex Amplitude Estimation

We assume that the complex amplitude of each path is equal for all antenna
pairs, which is reasonable considering the separation of gain 3, from array
dependent steering vectors a, and a; in (5.6). The complex amplitudes can
therefore be estimated via a least square fit to the known channel. Using the
Vandermonde structure of A and (5.6), we form the following equation for
the first entry of H in (5.9) for the first subcarrier

}}11(1) 1 ! o "t
hn’(z) _ @JZV1 ej;yz 6:2 n ”(:2) (5.45)
@) een o g@vn| g | Q)

which can be written in matrix form as
hy; = WGB+n (5.46)
(B can be obtained via a regularized LS solution of (5.46) as
B = (WIW + oT)W'h,, (5.47)

where o is the regularization parameter chosen to minimize the effects of
errors in W on the estimation. For the rest of this thesis o is chosen empir-
ically as 107°. Note that although (5.47) gives an estimate of the complex
amplitudes, our preliminary simulations show that improved estimates can
be obtained by using more entries of H in the estimation. We therefore

generalize (5.46) as
hym =W,B+n Vnel[l,N] mell,M] (5.48)

with W,,,,, defined as
Wom =V o Wovh (5.49)

where ¢ denotes the Khatri-Rao product, and v is defined as

v = [edtnm gitmg ea‘(n—lwz] (5.50)
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vl is defined analogously. We combine the N M equations in (5.48) and solve
for ﬁ as

B=(WIW, +oI)Whn (5.51)

. . . . . . . . T

where h — [hﬂ by - hNM] and W, = [WH Wi - WNM] .
It should be noted that the choice of using (5.47) or (5.51) is a compromise
between complexity and accuracy, since the improved amplitude estimates

in (5.51) is achieved at the cost of increased computational complexity. We

will utilize (5.51) for our analysis in this chapter.

Channel Prediction

Once the parameters of the model have been estimated, the time-varying

frequency selective channel is predicted via

Z
H(q k) = B.a,(jib)a] (fil)e’® 7+ (5.52)

z=1

5.3.2 TSSM-WIMEMCHAP

Unlike the DOD/DOA-WIMEMCHAP approach, the TSSM-WIMEMCHAP
involves 3D parameter estimation. The steps involved in the TSSM-WIMEMCHAP

approach are described below.

Covariance Matrix Estimation

The covariance matrix, containing the receive spatial, temporal and fre-

quency correlations, is estimated from (5.16) as

1

C, = X X! (5.53)
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Number of Paths Estimation and Subspace Decomposition

We again estimate Z using the MMSE-MDL criterion in (5.28) and eigende-
compose C; as
C, = E.AALE? + E.AEY (5.54)

Parameter Estimation

Extraction of the parameter sets {uz,%,nz}le requires a 3D estimation

procedure. Similar to (4.98), we form the following 3D selection matrices

Ju=Is @Iy ®@Jy,
Jo=Is @1y ® Ja
Ju =1ls®@Ju @Iy
Jao =1s ®@Jq @Iy
Jn=Ji @Iy @Iy
Jp=Jy @Iy @Iy (5.55)

Using the selection matrices in (5.55), we form 3D invariance equations anal-
ogous to (5.30) and solve (5.32)—(5.34), (5.35), (5.36), (5.38)—(5.40) and
(5.42)—(5.44) to obtain the parameter estimates.

TSS Estimation

The TSS can be similarly obtained via a least square approach. We as-
sume that the TSS of the scattering sources are equal for all subcarriers
and use the channel for the first subcarrier in the estimation?. Let s™ =
[si(m) s2(m) -+ sz(m)]" be a vector containing the mth entry of the

TSS for all paths. Using (5.7), we obtain

A

h, = W,s" +n VYm e [l, M] (5.56)

2The accuracy of the TSS estimation may be improved by incorporating all of the
pilot subcarriers. However, the computational complexity will scale with the number of

subcarriers.
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~

where hy,, = [h1n(1), 2im(2), - him(Q), -+ -, hym(Q)]T and W, is defined
as

W, =A, oW (5.57)
where A, is the receive array steering matrix defined for the ULA in (4.27).
We solve (5.56) using the least square approach and estimate the TSS for

each path as
5. =[8'(2) 8%(2) --- sM() (5.58)

Channel Prediction

Extrapolation of the channel using the TSSM-WIMEMCHAP is obtained

from

Z
H(g, k) = a,(ji)sl e 7k (5.59)
z=1

5.3.3 MSSM-WIMEMCHAP

This approach involves estimation of the Doppler shifts and delays, which
can be achieved via a 2D estimation procedure. This method is essentially
an extension of the SISO schemes in [118] to MIMO channels. A summary

of the steps in the prediction is given below.

Covariance Matrix Estimation

The time-frequency covariance matrix is estimated using
1

Co = N3IET

X, X/ (5.60)

Number of Paths Estimation and Subspace Decomposition

We estimate the number of paths using the MMSE-MDL criterion in (5.28)
with the eigenvalues of Cy;. The eigendecomposition of Cy; can thus be

expressed as
Cu = EAEY + E A EY (5.61)

128



CHAPTER 5. WIDEBAND MIMO PREDICTION

Parameter Estimation

Extraction of the parameter sets {7, 772}511 requires 2D estimation and four
selection matrices Jq1, Jq2, Jr and Jgp defined analogously to (4.73). We
solve (5.33)—(5.34), (5.35)—(5.36), (5.39)—(5.40) and (5.43)—(5.44) to obtain

the parameter estimates.

MSS Estimation

Let Spm = [Si(n,m) Sa(n,m) -+ Sz(n,m)]T € C#*! be a vector con-
taining the (n,m)th entry of the MSS for all paths. Using (5.7), it can be
easily shown that

B, = WiiSpum + 1 (5.62)

for n € [1, N] and m € [1, M]. For all antenna pairs, we find the least square
solution 8, to (5.62) and compute the MSS for the zth path as

§11<Z> élz(Z) cee é1M(Z)
5 _ S21:(Z> S22:(Z) S2M:(Z> (5.63)
Sni(2) 8n2(2) -+ Swm(2)

Channel Prediction

Finally, channel prediction using the MSSM-WIMEMCHAP is achieved using

Z
H(q, k) = Z S, ela=—kin: (5.64)
z=1

5.4 Cluster Based Prediction Method

In Section 5.3, we presented algorithms for the prediction of pilot based wide-
band MIMO channels. While the proposed methods show reasonable per-

formance for environments with few number of scatterers, the performance
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degrades with increasing number of paths. In order to effectively model the
channel, recent standards use the concept of ray clustering where rays are
grouped into paths based on their delays. The idea of ray clustering can also
be utilized to increase the number of resolvable rays in channel parameter
estimation. Consider the WINNER channel model for example, where rays
within a cluster/path share a common delay [3]. By separating estimation
of the common parameter (i.e., delays) from that of other parameters, the
number of estimated parameters is decreased by (R, — 1)P?. An alternative
prediction method based on the clustering concept in recent standardized
channel models is proposed in this section. We will refer to the cluster
based approach which has been published in [16] as CBM-WIMEMCHAP.
Given the model in (5.5) and the K@) channel estimates in (5.7), as shown
in Fig. 5.1, the proposed algorithm estimates the cluster delays, jointly es-
timates the spatial and temporal parameters of each cluster and applies the

estimated parameters to predict future states of the channel.

5.4.1 Cluster Parameter Estimation

The cluster parameter estimation stage involves estimating the number of
clusters and cluster delays using the channel frequency correlations followed
by estimation of the cluster impulse responses. We form a Hankel matrix
using the K frequency domain pilot channel frequency responses for each of

the @ time symbols as

h’(i,1)  h'(,2) - hT(,S))

. h7(i,2 h7(i,3 <o hT(i,S;+1

i) (_7’ ) (_Z ) (i & ) (5.65)
h’(i,Ty) TG, Ty +1) ---  h7(, K)

3For the urban macro NLOS scenarios with a total of 400 rays grouped into 20 clusters,
this corresponds to a reduction of the number of parameters to be estimated from 2400 to
2020.
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CLUSTER DELAYS

AOA, AOD AND DOPPLER SHIFTS

JOINT AMPLITUDE
ESTIMATION ESTIMATION
CHANNEL m C-DELAY/ IR JOINT AMPLITUDE Eg:ﬂﬂ%h‘&
SIMULATOR - ESTIMATION ESTIMATION ESTIMATION PREDICTION |

AOA, AOD AND DOPPLER SHIFTS

JOINT AMPLITUDE
ESTIMATION ESTIMATION

AOA, AOD AND DOPPLER SHIFTS

Figure 5.1: Block diagram of the proposed cluster based channel prediction

scheme.

where h(q, k) = vec[H(q, k)] is the vectorised form of the channel response
obtained by stacking its columns. Sy and Ty = K — Sy + 1 are the Hankel
matrix size parameters which determine the size of the covariance matrix and
the number of correlation averages. T is chosen such than Chax < Tf < K 4,
The frequency correlation matrix averaged over the N; time domain pilots is

obtained as

Q
&, = W S D)D) (5.66)

=1

4We assume that the maximum number of clusters Cpax is known apriori. This is

reasonable since Cp.x is determined by the propagation environment.
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Number of Clusters Estimation

As in the previous methods, we propose to utilize the MMDL [85] for esti-

mating the number of clusters,

~

1
C =arg min NMQS;log()\,) + §(u2 +u)log(NMQS;) (5.67)

1<u<N;—1

where \,,u =1, -, Ny, are the eigenvalues of Cf.

Cluster Delay Estimation

Similar to the SISO estimation and prediction algorithms in [205,214], we
propose an ESPRIT [158| based approach for the cluster delay estimation
stage of the prediction scheme. Letting Eg be the signal subspace matrix
containing the eigenvectors corresponding to the C largest eigenvalues of

Cy, we form two subarray matrices with maximum overlap as

Esl - [INf—l O]Es
Eo=[0 Iy, iE, (5.68)

where Iy, _; € RN7=Dx(Nr=1 s the identity matrix and 0 is a (Ny — 1) x 1

vector of zeros. We form the 1D invariance equation as
Eq® = E; (5.69)

where ® € CNr*Ns is a subspace rotation matrix whose eigenvalues give the
normalized delay estimates. Equation (5.69) can then be solved in the least

square sense to obtain
& = (EIE,)) 'ElE,, (5.70)

If {;1.}C_, are the C eigenvalues of ®, the delay of the cth cluster is estimated

as [ ]
. arg|ie

p— . 1

e 9nAf (5:71)
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Scattering Co-efficient Estimation

Once the cluster delays have been estimated, an estimate of the C x () matrix
‘H,.n containing the scattering coefficient for the channel between the mth
receive and nth transmit antenna is obtained using the least square solution

as

Hom = (FIF + 91)"'FH,,,, (5.72)

where 7 is the regularizing parameter introduced to minimize the effects of
cluster delay estimation error on the solution of (5.72). F is the K x C' Fourier
transform matrix with [F],, = exp(—j2raA f7,) and H,,, is a K x Q matrix
containing the estimated frequency domain pilot channel between the mth
receive and nth transmit antenna elements over the () pilot symbol periods.
Estimates of the MIMO channel response for the cth cluster at the gth time

instant is obtained from the solutions of (5.72) as

7‘211(0, q) 7‘212(0, Q) T 7:[1M(Cv (])
H.(q) = 21(:C 2 22(:0 2 ) QM:(C 7 (5.73)
7‘21\71(0, Q) 7‘21\72(0, C_I) s ﬁNM(Ca (])

5.4.2 Joint Angle and Doppler Estimation

Given the estimates in (5.73) and the model in (5.59), the AOA, AOD and
Doppler shifts can be jointly extracted for the rays within each of the C
clusters. Although this stage is similar to the parameter estimation stage
of the DOD/DOA-MEMCHAP in Section 4.4.4, we briefly summarize the
estimation procedure for clarity. Using the ) estimates in (5.73), we estimate

the spatio-temporal correlation matrix for the cth cluster as

1

Ce = 5 (ﬁcﬁf ) (5.74)
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where D, is a NMT, x S, Hankel matrix defined as

B, — hc_(2> hCI(B) -' hc(St: +1) (5.75)
h(T,) ho(T,+1) -+ ho(N)

and h,(q) is the NM x 1 vector obtained by stacking the columns of H,(q),
Tt - Q - St —|— 1

Number of Rays Estimation

The number of rays R, is estimated as R, using the MMSE-MDL given in

(5.68) with the eigenvalues of C; replaced with the eigenvalues of C¢ and K
with Q.

ESPRIT Based Angle and Doppler Estimation

Let E, be the signal subspace matrix containing the eigenvectors correspond-
ing to the R, largest eigenvalues of C’f The parameters {, ,, ;. ,, 1/7»4,},}21 Vp =
1,---, P are then estimated from E; via a 3D ESPRIT procedure analogous
to that described in Section 4.4.4.

Complex Amplitude Estimation

Once the parameters of the rays within each of the clusters have been esti-
mated, estimation of the complex amplitudes 3, , of (5.5) can be achieved by
minimizing the MSE. Let h?, be the 1 x Q vector obtained from the pth row
of Hi;. The complex amplitudes of the rays in the pth cluster are obtained

from®

B, = (GIG, +nI)'G,h}, (5.76)

5To minimize algorithm complexity, we consider the single entry amplitude estimation.
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Table 5.3: Propagation Channel Parameters (Scenario I)

Path Parameters
B 0. 0 Tz (ns) Vz<rad/s)

1 -0.76+0.074) 049 -2.90 0 185.10

2 -0.76+0.30j -1.89 0.99 60 -462.10

3 -1.414+0.145 -2.48 299 75 497.31

4 0.16-1.15j -1.88 146 145 -331.90

5 0.37-0.82j -2.66 2.05 150 208.61

6 -0.33+1.04j -0.02 -1.60 155 -156.92
where ,@p = [BLP, B RM]T and the Q) x Rp Vandermonde structured matrix
Gp is defined as

1 1
N ejyl,p ejVRp,p
6.7'(Q*1)V1,:0 ej(Q_l)VRpaP

5.4.3 Channel Prediction

Having estimated the parameters of the doubly selective channel, prediction

of the channel is achieved by substituting the parameters into the model for

the desired frequency and temporal instants. The predicted CSI is thus

P Ry

(g, k) =3 > Brpelits, o (i, e o=t

p=1 r=1
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5.5 Performance Evaluation

In this section, we evaluate the performance of the proposed schemes. After
describing the performance metrics and simulation parameters, we evaluate
the parameter estimation accuracy, followed by the overall prediction perfor-

mance.

5.5.1 Performance Metrics

The overall performance of the prediction schemes is evaluated using Monte
Carlo simulations with synthetic data and compared with prediction error
bounds in Section 8.1.2. The normalized mean square error (NMSE) is used
as the performance metric. We first define the normalized square error (NSE)

over a single realization of the channel as
_ |[H(g, k) — H(g, k)[[%

NSE(R) = g (TEG b1 (5.79)

The expectation in (5.79) is approximated over the available temporal and
frequency samples.
The performance of the parameter estimation stage is evaluated in terms

of the root mean square error (RMSE) defined, for a generic variable z, as

Ne

RMSE(#) — Ni S (r - #0)? (5.80)

€ =1

where N. denotes the number of channel and/or noise realizations and z,
is the estimate of x during the cth realization. The NMSE and RMSE are
obtained by averaging (5.79) and (5.80) over 500 realizations of the channel
and /or noise. The RMSE is compared with the square root of the CRB (i.e.,

diagonal entries of the inverse of (8.40)).
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5.5.2 Simulation Parameters

We consider a MIMO-OFDM system with bandwidth B = 20 MHz, N, =
1024 subcarriers including K = 64 equally spaced pilot subcarriers. The
transmit and receive antenna arrays are both 2-element arrays with inter-
antenna spacing d, = d; = A/2. We consider a carrier frequency of f. =
2.1 GHz and mobile velocity of v = 50 km /h. Except where otherwise stated,
we use 50 samples at a sampling rate of 10/A. In order to investigate the
effects of noise and /or parameter distribution on the algorithm performance,
we consider two methods of generating the channel parameters (3., 0., ¢., v..
In simulation Scenario I, these are fixed to values given in Table 5.3 for
all realizations of H in (5.6). In simulation Scenario II, they are randomly
generated for each channel realization. The amplitudes are generated as
complex Gaussian distributed random variables, 3, ~ CN(0,1). The angles
of arrival and departure are assumed to be uniformly distributed, i.e., 0., ¢, ~
U[—m, 7). In both cases, the path delays are selected from the Urban macro
(UMA) scenario in the WINNER I1/3GPP channel [106], given in Table 5.3.
Unless otherwise stated, we consider a 6-path channel with parameters in

Table 5.3 and the error is averaged over 500 noise realizations. .

5.5.3 Parameter Estimation Performance

Since Doppler frequency and delay estimation are part of all the methods,
we present results showing the accuracy of their estimates in each algorithm.
Figure 5.2 presents the RMSE of Doppler estimates versus SNR with 50 and
100 known samples of the channel. We observe that the performances of the
three methods improves with increasing number of samples and approaches
the bound as the SNR increases. Also, we note that the DOD/DOA method
outperforms the TSSM and MSSM methods at all SNR values and that the
MSSM method yields the highest RMSE. A possible reason for this is the
additional channel structure revealed by sampling in a higher number of

dimensions. Similar observations are made in Fig. 5.3, where we plot the
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RMSE of delay estimates versus SNR.

5.5.4 Prediction Performance

We now evaluate the overall prediction performance of the proposed meth-
ods. Figures 5.4-5.6 correspond to simulation Scenario I. Figure 5.4 presents
the NMSE versus prediction horizon (in wavelengths) at an SNR of 15 dB.
The negative values of the prediction horizon correspond to the estimation
stage. Again, we observe that the DOD/DOA outperforms TSSM and MSSM
methods. In Fig. 5.5, we plot the corresponding cumulative distribution func-
tion (CDF) of the normalized square error (NSE) at a prediction interval of
1A. The DOD/DOA method has the lowest NSE for all realizations followed
by the TSSM. We also observe that utilizing the spatial information in pa-
rameter estimation and prediction in the DOD/DOA and TSSM results in a
decrease of about 12 dB relative to MSSM.

The effects of increasing SNR on the performance of the proposed schemes
is shown in Fig. 5.6 where we plot the NMSE versus SNR for a prediction
horizon of 1\. As expected, as a consequence of improved parameter esti-
mation, the performance of the algorithms improves with increasing SNR.
We observe that the performance of the DOD/DOA and TSSM methods ap-
proaches the bound as SNR increases with the DOD/DOA having the lowest
NMSE over the entire SNR range considered. This agrees with observations
in [110] where it was shown that the prediction error bound obtained from
the DOD/DOA model is lower than that for the vector spatial signature
model.

We now present results for simulation Scenario II. In Fig. 5.7, we present
the NMSE versus prediction horizon at an SNR of 15dB. Here, we observe
that the averaged performance of all methods degrades when compared to
Scenario I. However, the performance of the DOD/DOA and TSSM schemes
are still reasonable with a maximum NMSE of about -12 dB for the TSSM and
-22dB for the DOD/DOA over the 15\ prediction horizon shown. We observe
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that the MSSM performs poorly with an NMSE of approximately 4.8 dB
over the entire region considered. A possible explanation for the increase in
NMSE is that unlike in simulation Scenario I, certain channel realizations
have parameters which are closer than the resolution limit of the parameter
estimation stage, leading to reduced parameter estimation and prediction
performance. The CDF of the NSE corresponding to the mean results in
Fig. 5.7 at a prediction interval of 1\ is shown in Fig. 5.8.

Finally, the CDF of the prediction error of the DOD/DOA for different
number of propagation paths is presented in Fig. 5.9. We observe that the

performance of the algorithm degrades with increasing number of paths.

5.5.5 Prediction Performance with WINNER II Model

In this section, we evaluate the performance of the cluster based predic-
tion compared to the DOD/DOA-WIMEMCHAP using the two scenarios
of the WINNER II channel model [106] described in Section 2.4.3 with the
simulation parameters in Section 5.5.2. Except where stated otherwise, we
consider a MIMO-OFDM system with parameters given in Section 2.4.3.
Figure 5.10 shows the prediction NMSE versus prediction horizon (in wave-
lengths) at SNR = 10dB. We observe that the cluster based approach out-
performs the non-cluster based method for the C2 (NLOS urban macro-cell)
and B2 (NLOS urban micro-cell) scenarios. A plausible explanation for the
performance difference is that, while the number of resolvable rays in the
non-cluster based approach is much less than the total number of rays (i.e.,
400 in C2 and 300 in B2) in the channel, estimation of the parameters of the
clusters separately in the cluster based scheme results in increased number
of resolvable paths. As a consequence of the higher number of clusters in
the C2 channel, the algorithm produces a higher NMSE than that for the
B2 channel. Similar observations are made in Fig. 5.11, where we plot the

corresponding CDF of NSE at a prediction horizon of 2 \.
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5.6 Summary

In this chapter, we have presented different parametric schemes for the predic-
tion of mobile MIMO-OFDM channels. The predictors are based on different
formulations of the double directional model and original adaptation of mul-
tidimensional ESPRIT to jointly extract the channel parameters. Numerical
simulations indicate that the performance of the algorithms approaches the
error bound with increasing SNR and /or number of samples. We have quan-
tified the parameter estimation and channel prediction improvement afforded
by the spatial structure of the channel revealed by multiple sampling of the
wavefield. The method utilizing both transmit and receive spatial informa-
tion (DOD/DOA-WIMEMCHAP) outperform those with only receive spatial
information (TSSM-WIMEMCHAP), and no spatial information (MSSM-
WIMEMCHAP).

An alternative approach utilizing the concept of clustering in recent stan-
dardized channel models is also proposed. The scheme estimates the cluster
delay and scattering coefficients via a 1D ESPRIT approach and utilizes a
3D ESPRIT based scheme to jointly estimate the angles of arrival, angles of
departure and Doppler shifts. The estimated parameters are then used to
extrapolate the channel using the model. Simulation results using the indus-
try standard 3GPP/WINNER II spatial channel model show that the cluster
based algorithm offers improved prediction performance over the DOD/DOA

non-cluster based approach.
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Mobile to Mobile Channel

Prediction

6.1 Introduction

OBILE-to-mobile (M-to-M) land wireless communication channels arise
M when both the transmitter and receiver are moving and are equipped
with low elevation antenna elements. For instance, a moving vehicle in a
given location might communicate with one or more mobile vehicles in other
locations. These systems have potential applications in traffic safety, rescue
squad communication, congestion avoidance, etc. An international wireless
standard, IEEE 802.11p, also referred to as Wireless Access in Vehicular En-
vironments (WAVE) [4] has been developed. Based on WiFi technology, this
standard is proposed for both mobile-to-mobile and mobile-to-infrastructure
traffic applications.
In order to cope with the challenge of developing and evaluating the

performance of current and future M-to-M wireless communication systems,
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several research results have been published on the modeling of single-input
single-output (SISO) M-to-M channels. In [21,22], the statistical properties
of such channels were investigated based on models for the channel impulse
response and the transfer function. The authors of [194] present results
on the temporal correlation properties and Doppler power spectral charac-
teristics in 3D M-to-M propagation environments. In [127,129], a model-
ing technique based on ray-tracing was used to model the vehicle-to-vehicle
propagation channels. The proposed channel impulse responses capture the
channel statistics in terms of time series and can therefore be used directly
for link and system level simulations. Results based on measurement for
outdoor-to-outdoor, outdoor-to-indoor and wideband M-to-M wireless chan-
nels have also been presented in [9,104,128|. Simulation models for SISO
M-to-M channel were presented in [48]. These results have shown that, as
a result of the increased mobility, the fading statistics of M-to-M channels

differ significantly from classical fixed-to-mobile (F-to-M) channels.

Recently, modeling of M-to-M channels with multiple antenna elements
at both ends of the link has received considerable research attention. In
[81,146]|, the statistical model for SISO M-to-M channel was extended to
MIMO M-to-M channels. The authors modeled the scattering environment
around the mobile transmitter and receiver using the classical two-ring ge-
ometrical channel model. Simulation models were developed for MIMO M-
to-M channels in [219]. In [220,221], the 2D M-to-M models in [219] were
extended to the modeling of 3D propagation scenarios. The authors of [47]
proposed techniques for the computation of channel parameters for MIMO
transmission channels with dual mobility. The schemes developed were based
on a Rayleigh fading channel envelope with non-isotropic scattering. Com-
prehensive reviews of existing channel models, measurement campaigns and
other aspects of MIMO M-to-M channel modeling can be found in [134].

Although multipath parameter estimation and channel state prediction
has been thoroughly addressed for F-to-M MIMO channels (see e.g [10,17,
143,189, 193]), there exist very few publications (to the best of the authors’
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knowledge) applicable to M-to-M MIMO systems. In [222], a maximum
likelihood approach for MIMO M-to-M channel parameter estimation was
developed. The computational burden and dependence on the channel model,
however, makes the scheme unsuitable for practical applications. In [217,
218|, schemes for the estimation of mobile velocities and direction of motion
were proposed for SISO M-to-M channels. The proposed scheme is however
limited to the two-ring model and extension to MIMO channels is still an
open problem.

In this chapter, we extend our prediction concept of Chapter 4 to M-to-M
channels.The content of this chapter has been published in part [15].

6.2 Channel Models

This section presents the Rayleigh fading narrowband MIMO M-to-M chan-
nel model considered in this paper along with a parametrized model for

M-to-M parameter estimation and prediction.

6.2.1 MIMO Mobile-to-Mobile Channel Model
We consider a MIMO M-to-M wireless system with M transmit and N re-

ceive antenna elements. Fig. 6.1 shows an illustration of M-to-M propagation
in a typical urban and suburban environment. The transmitter and receiver
are assumed to be moving with velocities vy and v,, respectively. It is further
assumed that both are equipped with low elevation omnidirectional anten-
nas. As shown in Fig. 6.1, a signal will arrive at the receiver after undergoing
scattering and reflection in all directions by local objects near the transmit-
ter and receiver as well as distant scattering objects. We assume a NLOS

propagation environment, and so the complex Rayleigh faded channel for a
SISO link is modeled as [21, 22|

P
h(t) = Z el l@ntep)ite] (6.1)
p=1
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DISTANT SCATTERER

Figure 6.1: A 3 x 3 MIMO Mobile to Mobile wireless propagation channel

characterized by local scatterers and distant scattering sources.

where o, is the amplitude for the pth path, €, is the pth path phase param-
eter assumed to be uniformly distributed on [0,27) and P is the number of
propagation paths. In (6.1), w; and w,, are the radian Doppler shifts resulting
from the mobility of the transmitter and receiver, respectively, and are given
by

wy = QTﬂvt sin(1})) (6.2)
2
W, = Tﬂvt sin(4),) (6.3)

where 19; is the angle between the direction of departure of the pth path and
the transmitter direction of motion. ¥}, is the corresponding angle at the
receive array and A is the carrier wavelength. As can be seen from (6.1), the
received signal will experience Doppler frequency shifts due to the mobility
of both the transmitter and receiver. The dual mobility in M-to-M channels
result in more rapid temporal variation of the fading envelope when compared

to classical mobile cellular systems with fixed transmitters. It should be noted
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that the sum of sinusoids model commonly used for SISO prediction studies
(see e.g [45,57,60,190]) is a special case of (6.1) with vy = 0. The model
in (6.1) can be extended to M-to-M communication channels with multiple
antennas at both ends of the link by introducing the receive and transmit

spatial structure, giving
P
H(t) = Y apan(By)af (¢,)e/ 531 (6.4)
p=1

where a,(6,) and a;(¢,) are the array geometry dependent receive and trans-
mit steering vectors, respectively, while 6, and ¢, are the angles of arrival
and departure of the pth path relative to the array broadside, respectively.

For a ULA, the receive array steering vector is as given in (4.6).

6.2.2 Parametrized Model
We now reduce the MIMO M-to-M channel prediction problem to a multidi-

mensional sinusoidal parameter estimation problem. In doing so, we define
By = e’ (6.5)
and

_ .t T
Wp = W, +w,
27

= T(vt sin(ﬁ;) + v sin(1))) (6.6)

We will henceforth refer to 3, as the complex amplitude of the pth path and
w, as the effective radian Doppler frequency. Substituting (6.5) and (6.6)

into (6.4), we obtain

H(t) = Z Bpar(ep)ag<¢p)eijt (6.7)

As in the previous chapters, the parameters 3,, 0,, ¢, and w, are assumed

constant over the region of interest Assuming that the CSI is sampled at

147



6.3. PARAMETER ESTIMATION AND CSI PREDICTION

Tiamp, by applying a parametrization similar to that in (4.8), (6.7) can be

expressed as
P

H(k) = Bpar(y)al (1y)e’ (6.8)

p=1
where 4, and p;, are spatial frequencies which are related to the AOA and
AOD, respectively and v, = w,Tsamp is the normalized Doppler frequency.

We assume that K estimates

~

H(k) = H(k) + N(k) (6.9)

are available for estimating the parameters of the channel.

6.3 Parameter Estimation and CSI Prediction

As shown in (6.8), prediction of the M-to-M channel require extraction of the
structural parameters {u, 15, Vp}f;:1 and complex amplitudes { 5p}5:1 which
can be achieved using the DOD/DOA-MEMCHAP described in Section 4.4.4.

6.3.1 Mobile Velocities Estimation

A simple scheme for the extraction of the mobile velocities from the estimated
multipath parameters is presented in this subsection. Given the P estimates
of normalized parameters 7, [, and /l;,, we estimate the channel parameters

thus

¢, = sin ( i ) (6.10)
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Using the estimates in (6.10) and (6.6), we form the P equations

o cos(¢1) cos(fr)

o _ cos(dz) cos(bz) | | VL. (6.11)
: : : Vihax

@p cos(¢p) cos(fp)

where V!, and V7 denote the maximum Doppler frequencies of the trans-
mitter and receiver, respectively. Solving (6.11) yields estimates of the max-

imum Doppler frequencies as

Viax = (EfE)EX S (6.12)
where @ = [ -+, @g]7, Vinax = [Vii,, V2. J7 is a vector containing the

Doppler frequencies and E is the K x2 matrix in (6.11). The mobile velocities

can then be calculated from the Doppler estimates using

A
U = ———
2n f.
cVr
Oy = —22% 6.13
%=y (6.13)

where ¢ is the speed of light and f. is the carrier frequency.

6.4 Numerical Simulations

In this section, we evaluate the performance of the M-to-M prediction ap-
proach for different propagation scenarios. After a description of the sim-
ulation parameters in Section 6.4.1, the NMSE prediction performance is
evaluated in Section 6.4.2. Finally, the performance of the velocity estima-

tion method is discussed in Section 6.4.3.

6.4.1 Simulation Parameters

We consider a ULA at both the transmitter and the receiver. The carrier

frequency for the transmission is f. = 2.0 GHz and the velocities of the
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transmitter and receiver are, respectively, vy = 25km/h and v, = 50 km /h.
The fading amplitudes 3, are generated as complex Gaussian distributed
random variables, (5, ~ CA(0,1). The angles of arrival and departure are
assumed to be uniformly distributed i.e., 6,,¢, ~ U[—7, 7). Except where
otherwise stated, the prediction is based on L = 100 samples with a sampling

interval of Tiump = 2ms.

6.4.2 Prediction Performance Evaluation

We consider a scenario with P = 8 paths!. In Fig. 6.2, we plot the time
varying amplitude and phase of the actual and predicted channel for the first
entry of a 2 x 2 MIMO M-to-M system at SNR = [5,20] dB. We observe that
the proposed algorithm yields very good prediction of both the amplitude
and phase of the channel at both SNR values except for instances of deep
fades. We also observe that while the instant of deep fades and peaks are
accurately predicted at SNR= 20 dB, the predicted deep fades at 5dB have a
small time lag (< 1ms) when compared to the actual channel. As expected,
the predicted phase of the channel are also more accurate at 20 dB. The pre-
diction performance is quantified in Fig. 6.3 where we present the normalized
mean square prediction error and error bound versus prediction horizon for
a 2 x 2 MIMO channel at SNR = [5,20] dB. As expected, the prediction
error increases with the prediction interval and decreases with SNR. We ob-
serve that the performance of the proposed method is closer to the bound
at SNR = 20dB. In Fig. 6.4, we show the CDF of the normalized squared
prediction error at 7 = 10ms. The CDF curves clearly show that as SNR
increases, the NMSE of the proposed algorithm decreases.

In Fig. 6.5, we plot the NMSE and NMSEB versus SNR for different
numbers of antenna elements and prediction horizon of 7 = 10ms. We
observe that increasing the number of transmit and receive antenna elements

offers more information about the propagation channel and thus decreases the

Tt has been shown in [27] that outdoor environments are characterized by few dominant

scatterers and that the channel can be described by 3-8 distinct paths.
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NMSE at all SNR values for the prediction horizon considered, with a greater
impact at low SNR. We also observe that for a 2 x 2 M-to-M channel, the
performance of the proposed method approaches the lower bound as the SNR
increases. The corresponding CDFs of normalized square error are shown in
Fig. 6.6, which confirms the results for mean error values in Fig. 6.5.

The effects of the estimation length L on the prediction performance is
shown in Fig. 6.7. We observe at SNR = 10dB, K = 100 is required to
approach the NMSEB, with a much greater number needed at lower SNR.
Approaching the NMSEB as the number of samples increases is expected
since subspace based schemes are asymptotic maximum likelihood estima-
tors. A similar observation is made in Fig. 6.8, where we present the CDF
of normalized square error at 7 = 10ms in . Finally, we illustrate the effect
of transmitter and receiver velocity on the prediction NMSE at an interval
of 7 = 10ms in Fig. 6.9. It shows that as the transmitter and/or receiver
velocity increases, the prediction NMSE decreases. This is intuitively satis-
fying since increased velocity results in longer spatial distance over the same

training interval, thereby revealing more structure of the channel.

6.4.3 Mobile Velocity Estimation Error

The performance of the proposed mobile velocity estimation algorithm de-

scribed in Section 6.3.1 is evaluated in terms of the root mean squared error
(RMSE) defined as

c
1 N
RMSE(vy ) = ol E (vgr — Vya(c))? (6.14)
c=1

where C' is the number of Monte Carlo simulations. In Figure 6.10, we plot
the RMSE versus SNR for both the transmit and receive mobile velocity
estimation and compare with the square root of the CRB on velocity esti-
mates. As expected, the RMSE decreases and approaches the bound with
increasing SNR. Finally, Figure 6.11 shows the effect of the number of prop-

agation paths on the velocity estimation accuracy. As shown in the figure,
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increasing the number of paths, P from 2 to 4 decreases the RMSE. How-
ever, the RMSE increases for P > 4. A plausible explanation for this is that
although an increase in the number of paths is expected to improve the accu-
racy of the least square velocity estimation method, the parameter estimates
become less accurate as the number of paths increases. This shows that the
performance of the velocity estimation stage is dependent on the accuracy
of the channel parameter estimates with more accurate parameter estimates
leading to improved velocity estimation accuracy.

Finally, we illustrate the effect of the transmitter and receiver velocity on
the averaged RMSE performance in Fig. 6.12, where we plot the averaged
velocity estimation RMSE versus SNR for different values of v; and v,. We
observe that an increase in velocity increases the RMSE at low SNR values.
However, the RMSE values when normalized by the total velocity are of the

same order of magnitude for all velocity values plotted.

6.5 Summary

In this chapter, we extended our narrowband prediction method to MIMO
M-to-M wireless communication channels. Starting with a statistical model
for M-to-M channels, we derived a parametrized model for jointly estimating
the AOA, AOD and effective Doppler frequency shifts via a 3D extension
of the ESPRIT algorithm as in the DOD/DOA-MEMCHAP. We proposed a
simple and efficient scheme for the estimation of mobile velocities. Simulation
results show that the M-to-M prediction method approaches the prediction
error bound with increasing SNR and /or number of samples in the measured

segment.
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Figure 6.2: A plot of the actual and predicted channel of a 2 x 2 MIMO
M-to-M system at SNR = [5, 20] dB.
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CHAPTER 7. APPLICATION TO POLARIZED MIMO CHANNELS

Application to Polarized MIMO

Channels

dual polarized MIMO antenna configuration is a promising technique

for current and future wireless systems as it offers improved spectral
efficiency (under the same spacing constraints) over single polarized MIMO.
In this chapter we investigate the prediction of polarized narrowband MIMO
channels and evaluate the benefits of polarization diversity [105] on the pre-
diction performance. We extend our prediction concept of Chapters 4 and
5 to the extrapolation of narrowband and wideband MIMO channels with
polarization diversity, respectively. The contents of this chapter have been

presented in part in [17].

7.1 Channel Models

In this section, we present a brief review of the standardized WINNER 1II

channel model and a parametrization of the model on which the parametric
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n=1 n=3
n=1 n=2 n=3 n=4 h=2 n=4
I | | |
! Sr="12 ! ! or =2 !
(a) +45 (b) 0/7/2

Figure 7.1: Polarized MIMO Antenna Configurations: (a) Slanted 45 config-
uration and (b) VV/HH configuration.

prediction of the polarized channel is based.

7.1.1 2D Polarized MIMO Spatial Channel Model

Consider a narrowband MIMO system as shown with a ULA of dual-polarized
antenna pairs (see Fig. 7.1) at both the BS and MS. Assuming that the
BS and MS arrays have N and M antenna pairs, respectively and that the
propagation environment is characterized by P stationary far field scatterers,
the channel between the nth transmit and mth receive antenna pair is given
by [3]

P H S HVV - FHvh
2 el ®p NG

= A SR e
Xm . T t
% [er;:] eI (n=1)pup+(m—1)up+wpt} (7.1)
T,h

where [@)Y, ®Y" &IV OI] ~ U(—m, 7) are the random initial phases of the pth
path for the four polarization components. X", and A"} are the nth transmit
antenna element field patterns for the vertical and horizontal polarizations,
respectively. A"y and A} are the mth receive antenna element field patterns.

The cross polarization discrimination (XPD) for the pth path , = 10%/10,
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(where X ~ N(o,u)), is assumed to be log-Normal distributed’. w, =
%j’_ﬁ”) is the Doppler shift of the pth path. Finally, v, ¥, and \ are
the mobile speed, direction of motion and wavelength, respectively. If (for
example) the BS and MS have ideal dipole antennas tilted at ¢ from the
vertical axis and the antenna polarization leakage effects were to be neglected,

the antenna field pattern for the pth path would be given by [171]

Xprv
X — Ro | _ | CoS 0 (7.2)
X sin o cos 6

7.1.2 Parametrized Prediction Model

In order to characterize the spatial structure and polarization diversity of
the polarized MIMO channel, a matrix representation of the model in (7.1)

is required. Collecting the 4N M channels in (7.1) into a matrix, we obtain

hia(t)  hoa(t) -+ hona(t)
H(t) _ h27f(t) h27?(t) . hQNZQ(t) (73)
horei(t) hana(t) -+ homan(t)

Note that each 2 x 2 submatrix of H(¢) corresponds to the channel between

one antenna pair at the receiver and another pair at the receiver. Using the
model in (7.1), it can be shown that the 2M x 2N polarized MIMO channel

impulse response (7.3) is given by
P
H(t) =) 8/(0,)GpS(6,)e""! (7.4)
p=1

where

vV vh
G, = [gp Il e o2 (7.5)

hv hh
9 Ip

IThe path XPD can also be modeled as a distance dependent random variable as given

in [59]. This dependence is however, not considered in this thesis.
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is the polarimetric weight matrix. S,(6,) € C**?M is the receive polarized

array steering matrix defined as

cos cos
S0) =aye | U TR (7.6)

sin o1 cos 6, sin gy cos b,
where g; and g are the slant angles and |0; — 02| = 7/2 and the array

steering vectors a,(6,) and a;(¢,) are defined in (4.7) and (4.8), respectively.
Assuming that the sampling interval is Tiump, the sampled channel at the k&

time instant is thus

P

H(k) = S (6,)GpS:(6,)e (7.7)

p=1

As in the previous chapters, the parameters G, 0, ¢p and v, are assumed
constant over the region of interest. We also assume that K samples of the
CSI matrix are available and we denote the estimated CSI matrix at time

instant k£ as

(k) = H(k) + W (k) (7.8)

where W (k) € C*M*2V ig a complex Gaussian random variable.

7.1.3 2D Polarized Wideband MIMO Model

We consider a pilot based wideband MIMO system with ULA of dual-polarized
antenna pairs at both the BS and mobile station (MS). We assume that the
BS and MS arrays has M and N antenna pairs respectively and that the prop-
agation environment is characterized by P distinct paths each characterized
by a set of quasi-static parameters, @, = [G,, 8,, ¢p, 1, 7). Introducing the

delay information into (7.4) yields

P

H(t, 1) = ZS{I<¢p)GpSr(‘9p>€jwpt5(T —Tp) (7.9)

p=1
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The frequency response of the channel is obtained via a Fourier transforma-
tion of (7.9) as

P
H(t, f) =Y S (0p)GpSi(6,)e’ ) (7.10)

Assuming that the system has adequate cyclic extension and symbol timing,
the sampled frequency response at the ¢ symbol period for the kth subcarrier
is

P
H(g. k) =Y S!"(6,)GyS.(0,)e terFm) (7.11)
p=1

where 71, = A fw, is the normalized delay. It should be noted that v, and 7
are upper bounded by Vmax and Tmax (1€, 0 < 1 < Upax and 0 < 7, < Tyax)
where V.« and Ty are the maximum Doppler shift an maximum delay,

respectively.

7.2 Polarized Narrowband MIMO Prediction

Given the K estimates of the channel and the model in (7.7), our aim is to
estimate the parameters of the polarized MIMO channel and use the esti-
mated parameters for the prediction of the CSI into the future. The different
stages involved in the proposed prediction algorithm are presented in this

section.

7.2.1 Data Preprocessing and Covariance Matrix Esti-

mation

In order to jointly estimate the parameters of the channel using ESPRIT,
we need to transform the CSI matrix such that the invariance structure
requirement is satisfied. In a dual-polarized antenna configuration however,
two elements in a pair occupy the same position and as such each multipath is

received at the two elements without any delay/phase shift. The invariance
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structure is therefore only satisfied by corresponding elements of different
pairs and not of the same pair. Consequently, the invariance structure is
not satisfied. To progress we form four subsets (corresponding to the four

polarization components) from the CSI matrix, given by

hij(k)  higpa(k) - B, ()

A Bivoi(k) hivoivo(k) -+ hiiom. (k

D”(k‘) _ +2j]( ) +27].+2( ) . +27'_7( ) (712>
i (k) Pjia(k) o Ty, ()

where b, ;(k) is the (i,7)th entry of F(k), n;, = (2N +i — 2) and m; =
(2M + j —2) and 4,j = 1,2. The submatrices in (7.12) correspond to the
four possible polarization combinations in a dual polarized MIMO channel.
This is to ensure that entries of the submatrices are phase shifted versions of
each other as required for parameter extraction using ESPRIT [158|. Letting
d;;(k) = vec[D,;(k)] be the vectorized form of D;;(k), obtained by stacking

its column, we form an N M R x L Hankel matrix for each subset denoted by

di;(1)  dy(2) -+ dy(L)
Q. - dij:(Q) dij:(3) dz’j(L: +1) P12 (713)
di;(R) dy(R+1) -+ dy(K)

where . = K — R+ 1 and R is chosen such that NMR > P + 1. The
data in Qij is equivalent to L observations from an N x M x R three dimen-
sional antenna array. It should however be noted that the data is obtained
by combining the receive spatial, temporal and transmit spatial samples of
the channel. The spatio-temporal covariance matrix averaged over the four

polarization components is then estimated using?

(Q,Q) (7.14)

2 2
=1

- 1

i=1j

<

2 Averaging of the covariance matrix over the polarization combinations results in a

better estimate of the covariance matrix and hence parameter estimates.
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This matrix includes the covariance between every possible pair of transmit
antenna, temporal virtual array (resulting from the transformation in (7.13))

antenna element and receive antenna.

7.2.2 Subspace Dimension Estimation

As in the previous chapters, we estimate the number of dominant paths
using the MMDL criterion. Let 5\1 > 5\2 > > S\NMR be the eigenvalues
of C in descending order of magnitude, and &, &, - ,€xyr the associated

eigenvectors. The estimate of the number of paths is obtained from

A

P= arg  min MMDL(p) (7.15)

where the MMSE-MDL criterion MMDL(p) is defined as [85]

1
MMDL(p) = Llog(\,) + 5(p? +p)log L (7.16)

7.2.3 Joint Parameter Estimation

We arrange the P eigenvectors corresponding to the largest eigenvalues of C

into a matrix E = [, -+ ,&p] and form the following invariance equations®

J.E =J.E®,
JpE = Jy Ed®,
JE = I, E®, (7.17)

where ®,, &, and ®4 are subspace rotation matrices which are related to the
channels parameters as in (4.82) and J,;;7 = 1,2 are the selection matrices

defined analogous to (4.97). The equations in (7.17) are then solved in a

3These equations are analogous to the 1-D ESPRIT equation S1E = Sy E® [158] where
S; and S, remove the first and last rows of E respectively and ® is the 1-D subspace

rotation matrix.
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least square sense to obtain estimates of the rotation matrices. The MEVD

is then used to enable automatic pairing of the estimates thus

P=> + P+ Py
= TAT! (7.18)
where T is the common eigenvector matrix and A is a diagonal matrix con-

taining the eigenvalues of ®. The P eigenvalues for each dimension are then

computed using

A, = diag[T '®,T]
A = diag[T '®,T]
Ay = diag[T ' ®,T] (7.19)

The parameter estimates for the pth path are given by

6, = asin (—_ el W)
o (20
Dp = arg[Aq(p)] (7.20)

7.2.4 Polarimetric Weights Estimation

We assume that the complex polarimetric weights for all antenna pairs are
equal. This assumption is reasonable considering the separation of polariza-
tion effects from path attenuation in (7.1) and the small spacing between
antenna elements. In order to derive a model for the weight estimation prob-

lem, we divide the channel matrix into 2 x 2 sub-matrices as follows

fLQn—l,Qm—l (k) ﬂ?n—l,?m(k)

2 2 (7.21)
h2n,2m71 (k) h2n,2m (k>

For clarity reasons, we first derive a model for the first sub-matrix followed

by a generalization to the other submatrices. Using (7.21), the first 2 x 2
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submatrix of the channel matrix is obtained as

ril _ Bl,l(@ 51,2(]5)
Hsub<k) - [}ALQJ(]{?) 3272(]{:)] (722)

It can be shown from (7.1) that the entries of H!!, are defined as

T
COS Q; COS Qj 9"
P . hv
_ Z cos g; sin p;j cos ¢, Io | pith—1p | wk)  (7.23)
= cos p; sin p; cos 8, g;’h
sin g; sin g; cos 6, cos ¢, g]’}h
This can be expressed as
P
hz,]<k) = Z u;]gpej(k_l)'j” + 'LU(]C) (724)

p=1

The definitions of u}/ follows from (7.23). Collecting the K known samples

into a vector hy; = [h; (1), , hi;(K)]", we obtain
P
=> (f,ou))g, + (7.25)
p=1

where f, = [I e ... E=Uw)T and w is the noise vector. A matrix

representation for (7.25) is thus
hy =Fyg+wiy i,j=12 (7.26)

where Fy; = [f; @ u? - fp @ ul] € CK4F and g = [g7; - - ;gh] € C4Px1
is a vector containing the polarimetric weights for all scattering sources. We

combine the four equations in (7.26) to obtain
h=Fg+w (7.27)

where h = [hl,l h172 h271 h272]T S C4K><1 and F = [FH F12 Fgl FQQ]T S
CH4P and solve (7.27) using regularized least squares to obtain estimates

of the polarimetric weights
g = (FF +nI)'F¥h (7.28)
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7.3. POLARIZED WIDEBAND MIMO PREDICTION

where 7 is a regularizing parameter that improves the robustness of the pre-
dictor by reducing sensitivity to errors in the estimation of F. As in the
previous chapters, 7 was chosen empirically to be 107 in this chapter. It
should be noted that for complexity reasons, we utilize only a submatrix of
the entire channel matrix for estimating the complex weights in this this chap-
ter, the entire matrix can be utilized for the estimation as in Section 4.4.4.

The complexity of the complex weight estimation stage will increase by an
order of NM/2.

7.2.5 CSI Prediction

Once the parameters of the channel are estimated, the extrapolation of the
polarized MIMO CSI is achieved by substituting the estimated multipath
parameters into the model for the desired prediction horizon. The predicted
CSI is thus

H(k) =) S/(6,)GyS:(6,)e™™ (7.29)

p=1

7.3 Polarized Wideband MIMO Prediction

In Section 7.2, we presented a scheme for the extrapolation of narrowband
MIMO channels with polarized antenna arrays. A similar approach for
wideband polarized channels is derived in this section. Since the source
number and parameter estimation stages are similar to the DOD/DOA-
WIMEMCHAP in Section 5.3.1, we only summarized the data transfor-
mation, polarimetric weights estimation and CSI prediction stages in this

section.
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7.3.1 Data Transformation

Analogous to (7.12), we define CSI submatrices for each polarization pair
thus

hig(a, k) higia(a k) o him(a,k)
Dij(q,k): +2,]:(q ) +2,]+:2(C] ) ) +2, J(q ) (7.30)
ilm-,j(Qa k) Bni,j+2(Q7 k) e ]Alni,mj (CL k)

~ A~

Letting d(q, k) = vec[D;;(g, k)], we form an NMR x L Hankel matrix for

each subset at every frequency location

az’j(la Q) az‘j(27 Q) T az’j(Lu Q)

) 4,2 AuB.g) o Au(tl,

Qij(q) = j(: ? ](. 7 _ it , 7 i,j=1,2 (7.31)
aij(R’ q) az’j(R +1,q9) - az’j(K7 q)

where L = K — R+ 1. The data in Qij (q) corresponds to L observations
from a three dimensional array. It should however be noted that the data
is obtained by combining the receive and transmit spatial correlation and

temporal structures of the channel. The frequency structure is introduced
by forming a NM RV x LU block Hankel matrix from (7.31) as

Qi(1) Q;(2) - QuU)
. Q;(2) QB3 - QuU+1
o | @O QO e
Q;(V) Qy(V+1) - Q;;(Q)
7.3.2 Covariance Matrix Estimation
The estimate of the covariance matrix is defined as
. 1 <& ..
C=_—— Z > (XX (7.33)



7.4. NUMERICAL SIMULATION

7.3.3 ESPRIT Based Joint Parameter Estimation

After estimating the number of paths, P, using the MMDL criterion, the
spatial frequencies u*, and u*, as well as the normalized Doppler frequencies
and delays are estimated by solving (5.30)—(5.44). Estimates of the AOA

and AOD are then obtained from the corresponding spatial frequency using

()
0, = asin (—27'(' 5T>

6, = asin (“t<p)> (7.34)

2mwot

7.3.4 Polarimetric Weight Estimation and CSI Predic-
tion

We assume that the complex polarimetric weights for all transmit and receive
antenna pairs at all subcarriers are equal. The complex weight matrices can
therefore be estimated from the first 2 x 2 submatrix of the channel transfer
function at the first pilot subcarrier following a similar procedure as presented
in Section 7.2.4. The doubly selective polarized channel is then predicted by

substituting the estimated parameters into (7.11).

7.4 Numerical Simulation

The performance of the polarized prediction is evaluated in this section, and
compared with error bound derived in Section 8.2. We consider a narrowband
system with parameters shown in Table 7.1. As in the previous chapters, the
NMSE is used as the performance metric. In Figure 7.2, we present the
NMSE as a function of the prediction horizon at different SNR values. As
expected, the performance improves with increasing SNR and the NMSE is
closer to the error bound at higher SNR values. The corresponding CDF of
NSE at a prediction interval of 2 A is shown in Figure 7.3.
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Table 7.1: Simulation Parameters

Parameter Value
Number of antenna pairs (BS,MS) N/M =24
BS antenna spacing 1/2\
MS antenna spacing 1/2\
Number of Sources 6
Carrier frequency 2.1GHz
Mobile Velocity 50 km/h
AOD Ul0, 2m)
AOA Ul0, 2m)
Sampling Interval 2ms
Training length 50,100

Dual Polarized Antenna Orientation =+m/4, 0/7/2

The effect of noise and number of antenna pairs on the prediction perfor-
mance is shown in Figure 7.4, where we plot the NMSE and error bound for
a prediction horizon of 1 A as a function of SNR. The NMSE decreases with
increasing SNR and/or number of transmit and receive antenna pairs. We
observe that, for the 2 x 2 system, the NMSE approaches the bound closely
at high SNR. Figure 7.5 presents the CDF of NSE for a prediction horizon
of 1A. It also shows that increased SNR and/or number of antenna pairs
improves the performance.

In Figure 7.6, we plot the NMSE versus number of samples, K in the train-
ing segment for different prediction horizons. We observe that the NMSE de-
creases with increasing number of samples. However, no significant decrease
is observed for K > 150. A similar trend is observed in Figure 7.7, where we
present the CDF of NSE for different values of K.

Finally, we illustrate the effect of antenna orientation (slant angles) on the
prediction performance in Figures 7.8-7.9. In Figure 7.8, we plot the NMSE
as a function of prediction horizon for antenna slant angles of +m/4 and

0,7/2. We observe that the 0,7/2 configuration offers better performance
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when compared to the £7/4. A plausible explanation for this is that the
information at the elements of an antenna pair in the £7/4 configuration are
more correlated compared to the 0,7/2 and as such provide less additional
information. A similar observation is made in Figure 7.9 where we plot the
CDF for a prediction length of 1 \.

7.5 Conclusion

We have extended the prediction schemes in Chapters 4 and 5 to polarized
narrowband and wideband MIMO channels. The additional information of-
fered by the polarization diversity is incorporated into the schemes to im-
prove parameter estimation and CSI prediction accuracy. The performance
of the polarized CSI prediction scheme is compared to the error bound (see
Section 8.2 for derivation of the error bound.) and results shows that the per-
formance of the scheme approaches the bound with increasing SNR and/or
training length. The antenna orientation also affects the performance with
antennas oriented at 0, 7/2 offering better performance than those with +7/4
slant angles. It should be noted that although the 0,7/2 antenna orienta-
tion offer better prediction performance, more study may be neccessary to
determine its suitabilty for polarization diversity since current commercial

practices only use the £ /4 configuration.
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Bounds on the Prediction of
Mobile MIMO Channels

N the previous chapters, we have developed schemes for the prediction of
I narrowband as well as wideband MIMO wireless channels. Extensions
to polarized MIMO channels and Mobile-to-mobile (M-to-M) systems have
also been presented. However, to the authors’ knowledge, there exists no
closed form expression that relates CSI prediction error to predictor design
parameters such as number of antennas, number of samples in the observation
segment, number of paths and SNR.

In [35,190], bounds on the prediction error in SISO channels were derived.
The authors of [205] derived an asymptotic error bound on the prediction
of SISO-OFDM channels. Bounds on the prediction of narrowband MIMO
channels were studied in [189]. Bounds on the interpolation of MIMO-OFDM
channels were derived in [108] using a vector formulation of the Cramer—
Rao bound for a function of parameters. Similar bounds for estimation and

prediction were proposed in [109,110|. Although these bounds are useful
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in their own way, their expressions are not easily interpretable. Moreover,
their dependence on channel parameters necessitates averaging over several
realizations of the channel and this reduces their interpretability.

Motivated by the need for simple, insightful and easily interpretable closed
form expressions relating prediction error to algorithm design parameters,
and the benefits of having bounds upon which the performance of any pre-

dictor can be compared, we make the following contributions in this chapter:

e Using the vector formulation of the Cramer Rao bound for functions
of parameters [97] along with the properties of Kronecker products, we
derive expressions for bounds on the prediction of narrowband MIMO
channels with uniform linear arrays (ULA) at both ends of the link.
Similar expressions are derived for pilot—-based wideband MIMO sys-
tems, polarized narrowband and wideband MIMO systems and 3D
propagations. The formulations obtained are simpler and provide an al-

ternative for easier calculation compared to the results of 109, 110, 189].

e We derive a simple closed—form expression for the best achievable mean
square error (MSE) and normalized mean square error (NMSE) for an
unbiased joint estimator and predictor in the asymptotic limit of large
samples and/or many antenna elements. The derived expression pro-
vides useful insights into the development of algorithms for narrowband
MIMO channel prediction. Also, closed—form expressions are derived

for wideband channels and 3D propagation.

e Simulation results show that the asymptotic bound offers a very good
approximation to the bound while eliminating the need for repeated

computation and dependence on channel parameters.

The bounds are applicable to pilot based channel estimation, interpolation
and prediction. The dependence of these bounds on system parameters,
but not on channel parameters, enables them to provide useful insight into
system design considerations. The content of the chapter have been pub-
lished /submitted to [11,12,15,18,19].
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CHAPTER 8. BOUNDS ON THE PREDICTION OF MOBILE MIMO CHANNELS

8.1 MIMO Channel Prediction Error Bound

The prediction error bounds on narrowband MIMO channels as well as wide-

band and 3D channels are presented in this section.

8.1.1 Narrowband Channel

In this section, we derive the lower bound on the prediction MSE for nar-
rowband channels. Although a similar error bound has been derived in [189),
we utilize the properties of Khatri-Rao product to present an alternative,
simplified derivation and expression for the FIM. Our simplified formulation

provide the same results for the error bounds as the expressions in [189].

Channel Model

We consider the ray-based channel model defined for a MIMO channel at
the kth sampling interval:!

H(k) = apar(u)al (u))e™ (8.1)

p=1
where P is the number of paths, and «, and v, are the complex amplitude
and normalized radian Doppler frequency of the pth path. The receive and
transmit array response vectors associated with the pth path are denoted by
a,(4,) and a;(y;,), respectively, where p;, and ju, are the angular frequencies
associated with the directions of arrival and departure of the pth path, re-
spectively. Note that while (8.1) is valid for all antenna geometries, we will
consider a ULA such that a, () is defined by

a () =[1 e e . I (8.2)

where p, = 270, sinf,. N is the number of receive antenna elements, d, is

the inter element spacing of the receive array and 0, is the angle of arrival

!The same model has been presented in (4.8) and is reproduced here for clarity.
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8.1. MIMO CHANNEL PREDICTION ERROR BOUND

of the pth path. The transmit array response vector is analogously defined
by replacing N with M and g, with . A useful representation for our

derivations is the vectorized version of the channel matrices defined as
P

h(k) = 3" o an(11) @ ()7 (83)

p=1
We assume that, for the purpose of channel prediction, K samples of the
channel are known either from channel estimation or measurement. In prac-
tice, the channel estimates contain some amount of error, w(k) resulting from

noise and interference. The estimated channel can therefore be modeled as
h(k) =h(k)+w(k); 2=0,1,--- , K—1 (8.4)

For convenience, the K measured samples can be collected into an NMK x 1
vector h = [h7(0) --- h7(K —1)]” which can be shown using (8.3) to be

h=Y" ay () © a,s) © ag(,) +w (8.5)

p=1

where aq(v,) = [ e &2 ... IE-Dw]T A matrix representation
of (8.5) is thus

h= (A (p") o A(p) o Ag(v)) a +w

=Aa+w (8.6)
where = [a; -+ ap]? and A, (p*) is the Vandermonde structured steer-
ing matrix defined as

Ar(p") = [a(py)  a(ps) - --a(up)] (8.7)

and A¢(p') and Aq(v) are defined analogously.

Prediction Error Bound
Let the parametrization of the channel be represented by
0 =[Ra) J(a) p' p' v (8.8)
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where ur = [luli M%’L “t = [Iu'i ILLtP)] and v = [Vl VP]-
R[] and J[-] denote the real and imaginary parts of the associated complex
number, respectively. To emphasize dependence on channel parameters, (8.6)

can now be written as

~

h=A@Oa+w (8.9)

Assuming that w ~ CA(0,0%I), the measured data is distributed as h ~
CN(m,,0%T), with p, = A(O)a. Since the channel represents a non-linear
function of its parameters, the bound on prediction error can be found using
197]

MSEB(k) = Tr (8.10)

e v © g

Oh(k,©)" __, _ Oh(k, @)]

where Tr[-] denotes the sum of the diagonal elements of the associated matrix.
MSEB(k) = Tr [E[(ﬁ(k) — h(k))(h(k) — h(k))H]], 371(®) is the CRLB on
multiple parameter estimation, J(©) is the FIM and the Jacobian in (8.10)

is defined as

oh(k) | oh(k) oh(k) oOh(k) Oh(k) Oh(k) 5.11)
00  |0R(a) 0I(a) Opr out ov '
Using Bangs formula [97], entries of the FIM can be evaluated using
oC oC ohH oh
~ _ -1 0L 1 0L -1.90n
o, =m0 2] o[ ] oy

where C = ¢°1 is the noise covariance matrix. Since the covariance matrix is
not dependent on the parameters, only the second term of (8.12) is non-zero
and (8.12) reduces to

3(©)] = =%

2 l@hHah] (8.13)

90 090
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The first order derivatives with respect to each of the parameter vector are

evaluated as follows

88; =(D,oA;0Ay)X
aa—;lt =(A,oD;0AgX
2—3 = (A0 A 0Dyg)X
oh
=(A;0A0A
() e ¢ Ao Ad)
oh :
7] =Jj (A, 0A; 0 Ay) (8.14)
where X = diag[a] and D, is defined for the ULA as
D — aa@r/i@ . _aaariﬁr@) _ _iFxA, (8.15)
1 P

where F, is a diagonal matrix defined by
Fp,=diag[0 1 --- k—1] (8.16)

D, and Dy are defined analogously. Using (8.14), the Jacobian in (8.13) can

now be expressed as

h
g—e =[Ai0AgoD, X A oDi0o A XA, 0A;oDgX A jA] (8.17)

which, using the properties of Khatri-Rao and Kronecker products can be

expressed as

g—g:P4<>P3<>P2<>P1 (8.18)
where
Pi=[a" o o' 1' j17] (8.19)
P,=[D, A, A, A, A (8.20)
P;=[A, D, A, A, A] (8.21)
P,=[Aq Ay Dg Aq A4 (8.22)
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The FIM is thus

[(O)] = %m [(PyoP30Py0P)(PyoPsoPyoPy)”] (8.23)

Using the following property of Khatri-Rao product
(AoB)?(AoB)=(A"A)® (BYB) (8.24)

where @ denotes element-wise multiplication, (8.23) can be written as?

3(0) = ZR[(PIP) o (PIPy) o (PP o (PIP)] (32

Finally, using (8.25) and (8.10), the prediction MSEB can be computed.

8.1.2 Wideband Channel

This section present a derivation of the error bound on the prediction of

wideband mobile MIMO channel. For clarity, we begin with a brief review
of the PRC based model of Section 5.1.

Channel Model

We consider a wideband ray—based MIMO channel model defined as

H(t,m) = 3 apa,(ut)al (1) '5(r — ) (8.26)

where 7, is the delay of the pth path. The frequency response of the channel

is obtained via the Fourier transform of (8.26) as

P
HL ) = Y gl (ug)elr' 1) (327)
p=1

We assume that no two paths share the same parameter set {oy,, 12, i1y, Wy, 7 }

but two or more paths may share any subset of the parameter set. Assuming

2Detailed derivations of the bound are given in Section B.1.
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that the system has perfect sample timing and a proper cyclic extension, the

sampled frequency response can be expressed as

P
H(k ) = 3 oy ()l (uf)e/ o) (8.28)
p=1

where k and ¢ denote the sample and subcarrier index, respectively. v, =
Teampwp and n, = Af7, are the normalized Doppler frequency and normal-
ized delay, respectively for symbol period Ty, and subcarrier spacing Af.
We assume that there are () equally spaced pilot subcarriers in every OFDM
symbol and that K equally spaced pilot symbols are available for the estima-
tion, interpolation and/or prediction. Let Uy = [Ny./Q| and Uy = [ Npjor/ K|
denote the frequency spacing (measured in number of subcarriers) between
adjacent pilot subcarrier and temporal spacing (in number of OFDM sym-
bols) between adjacent pilot symbols, respectively. Nj. is the total number of
used subcarriers and Ny, is the number of OFDM symbols in the training
segment. In order to avoid frequency and time domain aliasing, U; and Uy

are chosen such that

1
U < 8.29
"= B (5:29)
and .
< — .
U= S A (8.30)

where T and wpay are the maximum path delay and Doppler frequency,
respectively. We denote the frequency and time indices of the pilots as F, =
(Q/2—q)Us; ¢=0,1,2,---  Q—1and T =kU;; k=0,1,2,--- K —1,
respectively.

Prediction Error Bound

Using the properties of Kronecker products, the vectorized version of H(k, q)

can be written as

h(k, q) = (Au(p") o Ae(n')) Bk, q) (8.31)
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where
B(k,q) = [O[lej{kl/rqm} apej{kVP*knP}} (8.32)

and A,(p') and A(p") are the receive and transmit array steering matrices,
defined analogously to (8.7) for a ULA. We arrange the QK known samples

into the vector

h=[b7(1,1),--- ,h7(K,1),h7(1,2),- -,

h"(K,2),--- ,h"(1,3),--- ,h"(K,Q)] (8.33)
and define Vandermonde matrices Ay and A; as
1 e 1
ejl’l e ejVP
T (8.34)
ej(Kfl)Vl . ej(Kfl)VP
and
1 e 1
efjnl e efjnP
A= T | (8.35)
e_j(Q_l)nl e e_j(Q_l)nP

It can easily be verified that
h=(A0A0cAq0Af)B
=Ap3 (8.36)

where A = (A, 0 Ay o Ago Ay). Let the parameterization of the wideband
channel be denoted by the (6P + 1) x 1 vector

® = [o*, (u)", ()", 4", ", R(B"),3(8")
As in the narrowband case, the prediction error covariance can be bounded
by [97]

" (8.37)

oh(k, q)

~—1
J () 50

(8.38)
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where J71(0) is the lower bound on the estimation of channel parameters,
J(®) is the FIM, which can be computed element-wise using (8.5). After
evaluating the derivatives and performing straightforward but tedious sim-

plifications (see Appendix B.3), J(©) is obtained as

KQNM 0
@)= 5 e (8.39)
with the Fisher information submatrix defined as
2
[R(O)] = 2 [(PI'P5) © (P{Py) © (Py'Ps) © (PYPy) © (P'Py)] (8.40)

where P;—P5 are defined as

Pi=[a" o' o o 1" j17] (8.41)
P,=[D, A, A, A, A A] (8.42)
P;=[A, D, A, A, A, A{ (8.43)
P,=[Aq Ay Dg Ay Ay A (8.44)
P;=[A; A; A; Dy Ay A{ (8.45)

The matrices D,, D¢, Dy and Dy are defined analogous to (8.15). Detail of

the mathematical derivations can be found in Appendix B.3.

8.1.3 3D MIMO Channel Prediction Error Bound

In this Section, we derive expression for the bound on the prediction of 3D
channels. As in Section 4.5, we consider a narrowband system with a UPA
at the BS and a ULA at the MS. Consider the vectorized channel in (4.117)

which can be expressed in matrix form as®

h(k) = (A, 0 A0 Ay o fy)ax (8.46)

3We omit the noise term here for simplicity.
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where f(k) = [e1,eikv2 ... eir] Collecting the K observation vector
into h = [h7(0),h7(1),--- ,h"(K — 1)]” yields

h=(A,0A0Ay oAy
=Ax (8.47)

Denoting the channel parametrization as
© = [R(a’), I(a’), 1/, iy, iy V7] (8.48)

Asin (8.38), the covariance of the 3D channel parameter estimates is bounded
by

Coo >3 (8.49)
where Op(h: ©) dp(h: @)
~ o [9p(h; ©) Ip(h;
3= E{ e o } (8.50)

which can be computed using (8.5). In order to derive an expression for the

FIM using (8.10), we need to evaluate the Jacobian

oh {8h g  dp 8y oh ah] (8.5)

90~ |0%(a) 93(a) Op, Opy Opy oW

Using (8.47) and performing some mathematical simplifications, (8.51) be-

comes

oh |
00
(A; oA oDy 0 Ag)Y (A; 0 Aix 0 Ay ©Dyg)Y] (8.52)

A JA (DioAnoAy0A)Y (A,0oDyoAyoAyY

where Y is the diagonal matrix

(03] 0
0 oy --- 0

Y=, . | : (8.53)
0 0 --- ap
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and D, is defined as

D. — —a[Ar]:,l a[lAr]:,2 o a[*Ar]:,P
' o O Op
[0 . 0
ednh IS
S . . (8.54)
_jej(Mfl)ui s jedM=Dup

where [A].,, denotes the nth column of A. Matrices Dy, Dyy, and Dy are

defined analogously. Denoting

ty
P;=[Aq Ay Aq Aq A; Dy (8.55)
(8.51) can be shown to be
dh
%:Pl OP20P3<>P4<>P5 (856)

Substituting (8.56) into (8.50) and using the properties of Kronecker products
yields
2
:j = —29{[(P1 < PQ < P3 < P4 < P5)H(P1 < PQ < P3 < P4 < P5)]
o
2
= ;%[(Pf{f’l) © (Py'P2) © (PyPy) © (P{Py) © (P{'P5)]  (8.57)

Putting (8.57) into (8.49) gives the lower bound on the variance of the pa-

rameter estimates, and the prediction error bound can be computed using
H

- oh (k)3—18h(k)

E(k) 2 00 00

(8.58)

oh(k) [0h(k) 0Oh(k) 0Oh(k) Oh(k) Oh(k) Oh(k) (8.50)
00  |OR(a) IF(a)  Op,  Opy  Opyy ov '
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8.2 Polarized MIMO Channel Prediction Error
Bound

In this section, we derive the performance bound for estimation and predic-
tion of narrowband MIMO channel with polarized antenna array. Consider
the NpoiN X NpoM polarized MIMO channel in (7.4)

P

H(k) = ) _S:(0,) [“ “] ST (g,)e’™s (8.60)
p=1 avh,p avv,p

where N, denotes the number of polarization dimensions. We consider the

antenna configurations in Fig. 7.1 such that N,, = 2. The vectorized data

obtained by stacking the columns of H(k) is thus

ﬁhh
h(k) = [(Sm©Sm) (SrwoSm) (SimoSw) (Sw o Sw)] g :lh (8.61)
By
where 3, is defined as
B = a1 -+ annp] © [7F - TP (8.62)

Assuming that the K samples are collected into a vector
h=[h(1)T ... hT(K)] € C*NeaNMEX1 an(d using (8.61), we obtained an

expression for h as
h= [(Srh & Sth < Ad) (Srv < Sth & Ad) (Srh < Stv < Ad)
(Siv © Sty © Ag)|x (8.63)

where v = [af, al, ol al]" and Aqisthe K x P Vandermonde struc-

vv

tured matrix in (8.34). Note that (8.63) can be expressed as a summation

over the 2V, polarization dimensions:

h = (S, 0 Sth © Ag)ann + (Siv © Sth © Ag)Qny
+ (Srh < Stv < Ad)avh + (Srv < Stv < Ad>O(VV (864)
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Let the parametrization of the polarized MIMO channel be

0= [0T7 d)T? VT> %(azh)v ER<(xgh>7 %(aZv)v %(aT )7

Vv

3(evin), I(eny,), 3(eds,), Io, )" (8.65)

Vv

As in the previous sections. the covariance of the parameter estimates and
estimation/prediction error at the kth instant are bounded by (8.50) and
(8.58), respectively. Let the derivatives of the polarized steering matrices be
denoted by

D,, = :asggf” as#(ip)} (8.66)

D,, = :8sg_9(191) ngT(fp)} (8.67)

D, = _asg“;jbl) %ﬁ”)} (8.68)

D, = _asgxl) aSgTEfP)} (8.69)
and a vector containing the derivatives of the columns of A as

Dy = aag;”l) . aagiZP)} (8.70)

After some simplifications, the derivatives of (8.64) with respect to the chan-

nel parameters can be shown to be

g—g = (D ¢ Sin © Ag)Xpn + (Dyy © Sy 0 Ag) X

+ (D ¢ Sty © Ag) Xy + (Dyry © Sty © Ag) Xy (8.71)
g_:; = (S © Dy © Ag)Xpn + (Siv © Dy © Ag) Xon

+ (Sin © Diy © Ag) Xy + (Siv © Dy © Ag) Xy (8.72)
2—3 = (S © Sth © Daq)Xpn + (Siv © Sin ¢ D) X

+ (Sin © Sty © D)Xy + (Swy © Sev © D) Xy (8.73)
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where
Xin = diag|om] (8.74)

Xuh, Xy and Xy, are defined analogously. Similarly, the derivatives with

respect to the polarimetric weights are obtained as

oh
— = (Srh oS h< Ad) (875)
am(agh) '
oh
W = (Srv < Sth & Ad) (876)
vh
Jh
——— = (Sin© Sty © Ag) (8.77)
MM(al,) T
oh
W = (Srv < Stv < Ad) (878)
oh )
m = ](Srh <o Sth < Ad) (879)
hh
oh
— = j(Siy ©Sin ¢ Ayg) (8.80)
93(aly,) o
oh
— = j(Sin© Sty © Ay) (8.81)
(el R
oh ‘
m = j(Srv <o StV & Ad) (882)
Using equations (8.71)—(8.82) the Jacobian g—g can be computed using
B [8_h 8_h 8_h oh oh Jh
90 09 v OR(al,) OR(al) OR(al)
oh oh oh oh oh ] (8.83)
R(al,) 03(aj,) II(al,) 03(eg,) 03(al) '
The Fisher information sub-matrix is then obtained as*
2
R(O) = F[PHP] (8.84)

Since the noise variance is typically unknown in practice and needs to be

estimated, we reparametrized the channel to include the noise variance and

4 Assuming that the noise variance is known, J(®) corresponds to the FIM.
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the FIM is thus obtained as

. 2N,,O;J;7MK 0
@ =1 4(©) (8.85)

It is straightforward to derive expressions for wideband polarized MIMO

channels following a similar procedure.

8.3 Asymptotic Error Bound

As shown in Section 8.1, the bound on the prediction error can be found
using (8.10). However, this is not readily interpretable and its dependence on
the actual channel parameters necessitates numerical averaging for specified
probability distributions. The computational load becomes significant for
large values of N, M, K and/or ). In this section, we derive simple and easily

interpretable closed—from expressions for the lower bound on the prediction

MSE and NMSE.

8.3.1 Narrowband Channels

Using (8.1), entries of the MIMO channel matrix can be expressed as
P
h(n,m, k) = Z apej(kvp*(nfl)uéf(mfl)#fp) (8.86)
p=1
foralln=1,--- ,N,m=1,--- ,M and k=0, --- , K — 1. For convenience,

the channel is re-parametrized as
©=1[67, - ,6}] (8.87)
where
6, = [R(,) ) s, vl (8.89)
Assuming that the error is Gaussian with variance o2, entries of the FIM can

be computed using

[3(6))i; = %9% < - » gzg—:j ) (8.89)
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where the partial derivatives with respect to each parameter can be shown

following straightforward derivations as

. 9;9(’; - (i vp—(n=1)p—(m—1)) (8.90)
af(ip) — jeilkvp—(n=T)u;~(m=1)u) (8.91)
38; = —j(n — 1)ayed (oDt (m D) (8.92)
08722 = —j(m — 1)yt (=it (m 1) (8.93)
g_lz — jkay el b= (=D —(m—1p;) (8.94)

Using (8.89) and (8.90) — (8.94), and performing some simplifications °, the
FIM submatrix corresponding to the pth path is obtained as

2 0 0 0

0 2 0 0 0
36 = o Jo 0w sk (8.95)

0 0

0 0

L T2 T2 3
where we have assumed that K, N and/or M are large®. Note that un-
der this assumption, parameter identifiability which results in rank-deficient
FIM in SISO channels is very rare [189]. We also assume that the complex
amplitude is Gaussian distributed (o, ~ CN(0,1)) such that E[|a,|?] = 1
and E[R(a,)] = E[J(ap)] = 0 . Assuming that the scattering sources are

uncorrelated, the FIM has a block diagonal structure

J(©®) = blkdiag[J(0,) J(O2) -+ J(Op)] (8.96)

5See Appendix B.6 for details of the mathematical simplifications.
6 A necessary condition is that NM Z is large, such that the approximation ZM;[Z a

1=
N M ZE[a] holds.

~
~
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Using the structure of (8.96), the inverse can be obtained by inverting each

submatrix, that is

10 0 0 0

0L 0 0 0
)= -2 oo 2 9 s (8.97)
(6] = NMK 5N2 T BMN 5KN :

o0 —-2 2L _9

S5MN 5M?2 5KM
0 0 2% s e
L 5KN 5KM 5K2 J

The variance of the parameter estimates are therefore bounded by the di-
agonal entries of (8.96). Using the CRB for functions of parameters, the
asymptotic MSEB (AMSEB) is

AMSEB(k) = —— ———[3(0)] (8.98)
Due to the diagonal structure of the FIM and independence of FIM subma-
trices on path parameters, the AMSEB can be written as
) H

AMSEB(k) = % > W[z,(e)]—lah(”’—m’k

56 (8.99)

n=1m=1
Note that for the same signal-to-noise ratio (SNR), the noise variance for
a P path channel is 0% = Po?, where o2 is the noise variance for a single
path channel at the same SNR. Using (8.97) and (8.99), and after some
simplifications, the asymptotic MSEB is obtained as

P?%5? 29 18k 21k
AMSEB(k) = — - — 1
SEB() 5NMK(2 K K2) (8.100)
for £k = 0,1,2,---, where k € (0, K — 1) corresponds to the estimation/

measurement segment and prediction starts at £ = K. In this form, (8.100)
provide useful insights into the effects of the number of antennas, the number
of paths, SNR and the number of samples on the MSEB. The first constant
term is the contribution from time independent parameters (i.e., amplitude,

AOA and AOD) and their cross terms, the second term results from the cross
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terms involving the Doppler frequency and the third, quadratic term is the
contribution from the Doppler frequency estimation. This quadratic growth
of this term emphasizes the need for accurate estimation of the Doppler

frequencies.

8.3.2 Wideband Channels

We now present a derivation of a closed-form asymptotic error bound for
pilot based wideband MIMO systems. Consider the doubly-selective channel
in (8.28), the entries of which can be represented as
P
h(n,m, k,q) = Z apej(kvp—(n—l)ué—(m—l)ué—qnp) (8.101)
p=1
foralln=1,--- Nym=1,--- M, k=0,--- ,P-landgq=0,1,--- ,Q—1.
We will henceforth remove the indices in parenthesis and denote h(n, m,p, q)

as h. Let the channel parameter vector be denoted by’

@Z [01,02,"' ,OP] (8102)
where
0, = [%(O‘p) j(ap) N;r) N;) Vp 77p] (8.103)
Using (8.38), the Mean squared error bound (MSEB) can be expressed as
N M H
oh oh
MSEB(k, q) = —[3O) == :
SEB(k.q) =D > 55 R(©)] " 55 (8.104)

n=1m=1
where MSEB(k, q) = E[(h(k, ¢) — h(k, ¢))? (h(k, q) — h(k,q))], 31 (®) is the
CRLB on the variance of the channel parameter estimates. The Jacobian in
(8.104) is given by

ah_[ah Oh ah}

= = ... == 1
00 00, 00, 00p (8.105)

2 can also be included as an element of @, it

"Note that although the noise variance o
is omitted here since this does not affect the expression for the prediction error bound. A
proof of the equivalence of the prediction error bound with and without noise variance in

the parameter set can be found in Appendix B.5.
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Using (8.13), the FIM can be defined element-wise as
QKL N M o o H)

R 2
3Ol = %R (Z 2.0 90,00,

qg=0 k=0 n=1m=1

(8.106)

Following straightforward derivation, the partial derivatives with respect to

each of the parameters can be shown to be

oh

e = ¢ (kvp=(n=1)p = (m—1)u;,—qnp) (8.107)
P
(9h ; T t
0] — jey(kVp—(n—l)up—(m—l)up—qnp) (8.108)
P
oh . 3 (kvp—(n—1)pt,— (m—1)ut —qnp)
o = —j(n — 1)agel®v P »~ 1o (8.109)
P
ah ; T t
8_Mt — —j(m— 1)azej(kup—(n—1)up—(m—1)up—qnp) (8.110)
P
ah - T t
a_y _ ijtapej(kup—(n—l)ﬂp—(m—1)Hp—(177p) (81]_1)
P
ah - T t
o = —jqU el *re= (== (m=1)—amp) (8.112)
P

Using (8.106)—(8.112) and performing some simplifications, the FIM subma-

trix corresponding to the pth path is obtained as
NMK
= Q R

IO =—5— (8.113)
with
_2 0 0 0 0 ]
00 222 NM  _ NKU, NQU;
i 3 2 2 —2
n= 00 &M 2M2 _ MKU, MQU/ (8.114)
2 3 2 —
0 0 —NKU _ MKU 2K2U2 QKU
2 2 3 —
0 0 Neu  MQup _QKUU;  2Q°Uj
) 2 2 2 3

where we have assumed that K, @, N and/or M are large® and that the
complex amplitude is o, ~ CN(0,1), such that E[|a.|*] =1 and E[R(a,)] =

81t should be noted that K, @, N and M do not all have to be large. We only require

NMEKQ to be fairly large so that the approximation NM KQE[g] ~ ZiV:Al/[KQ g holds.
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E[J(a.)] = 0. Using the structure of (8.113), the inverse of the FIM subma-

trix is given by

0.2

0,)] ' = mﬁ—l (8.115)

[

where £7! is the inverse of & given by

1o o0 0 0 0
01 0 0 0 0
0 0 60 —18 18 —18
_1 13N2 13MN 13NKU; 13NQU;
R = 0 0 —18 60 18 —18 (8-116)
13MN 13M2 13MKU; 13MQU;
0 0 18 18 60 18
1BNKU; 13MKU; 13K2U? 13PQUUy
00 —18 —18 18 60
i 13NQU; 13MQU; 13KQU.U; 13Q2U7 |

The asymptotic mean square error bound (AMSEB) can now be written as

N M oop on
AMSEB(k, ¢) = L (J(O) = (8.117)
2.2 56 76

Again, we define the signal-to-noise ratio (SNR) as * SNR = P/o%. Thus, at
the same SNR, the noise variance for a P-path channel is 0% = Po?, where
o2 is the noise variance for a single path channel. Substituting (8.115) into

(8.117) and performing some simplifications, we obtain

P2 2 k‘ k‘2
AMSEB(k, ¢q) = ——~ {44 ok | 00 3bq

BKQ | KU, KUZ QU
60q> 36qk
T T K Qrn?

(8.118)

Based on the assumption of normally distributed complex amplitudes, it can
be shown that for a P-path channel E[||H]||%] = NMK and the asymptotic

9This definition is necessary in order to allow fair comparison of the bound across

channels with different number of paths
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normalized mean square error bound (ANMSEB) is obtained from (8.118) as

Po? 36k 60k>

36g  60q? 36kq

QU; " Q?U?  QUsKU,

(8.119)

In this form, the ANMSEB provides useful insights on the effects of the num-
ber of antennas, number of frequency and time domain pilots, pilot spacing
and SNR on the estimation, interpolation and prediction performance. The

following observations can be made from (8.119):

e Since the ANMSEB is quadratic in the frequency index and has a min-
imum at the center of the band (see the frequency axis of Fig. 8.5),
the subcarriers near the edge of the frequency band are less predictable

than those near the center.

2 and

e The NMSE grows linearly with an increasing noise variance o
number of propagation paths P. This is intuitive and agrees with
previous results that prediction becomes more difficult with increasing

number of paths [189, 190].

e The NMSE decreases with increasing number of antennas at either or
both ends of the link. This is also intuitive since more structure of the

channel is revealed by having more antennas.

e The contribution to the NMSE from the Doppler frequency (see (8.111),
(8.119)) and delay estimation (see (8.112), (8.119))) lead to the p? and
¢? terms, respectively, demonstrating a quadratic increase with predic-
tion horizon and with frequency. This shows the need to accurately
estimate the Doppler frequency and path delays for spatial /temporal

prediction and frequency domain interpolation, respectively.

e The contributions from the cross correlation of error terms involving

the Doppler frequency lead to the negative linear term in k& in (8.118),
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thus reducing the ANMSEB. An explanation (see the illustration in
Section 4.4) for this is that improved Doppler frequency estimates can
be obtained from joint parameter estimation. A similar term is ob-

tained from cross terms involving the delays.

8.3.3 3D Asymptotic Prediction Error Bound

In this section, we derive a close-form expression for the prediction error
bound in 3D channels with a UPA at the BS and a ULA at the MS. Consider

the 3D channel model in (4.114), the entries of which can be expressed as

P
h(n:m Ty, T, k) = Z apej{(nz_1)M;X+(ny_1)“:’y+(m_1)ui’+kup} (8120)
p=1

Using (8.12), the 3D FIM can be expressed as

M
N~ 2 O (ng, ny,, m) Oh(ng, ny, m)
J= R ) o o (8.121)

As in the 2D case, we let the parametrization of the channel be
where 0, = [R(ay,), I(p), iy, p1,5, 1, vp]. Using (8.120), the derivatives of

the 3D channel with respect to the parameters of the pth path can be shown
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to be

Oh
OR(ay)
Oh
93 (ayp)
oh
oy, N

oh
Oppx N
oh
oy
oh

v,

(ng — 1)ayed (e =D+ ny =1+ (m—)phvp)

j(ny — 1)apej{("f”_1)“;y+(”y_1)N;y+(m—1)ué+’f”p}

— ej{(nzfl)#;;x+(ny*1)Nzy+(m*1)l‘;+k’/p}

— ey = (m ko)

na =D+ (ny— 1)ty +(m—1)p5 +kvy}

— ]k‘ape]{(nfﬂ_I)M;y+(ny—1)[1,;y+(m—1)u;+kjyp}

(8.123)
(8.124)
(8.125)
(8.126)
(8.127)

(8.128)

In the asymptotic limit of large N,, N,, M and/or K, the FIM for the pth
path is obtained using (8.121) and (8.123) as

Jp

o

2

. N,NMK

o O O O O N

0 0

2 0 0

0 2M2  MN,
3 2

0 MN, 2N2
2 3

0 MN, NgNy
2 2

0 MK NoK
2 2

Here, we assumed that the complex amplitudes are
a, ~ CN(0,1). On inverting (8.129), we obtain the

the parameter estimates covariance as

o O O O O v

o O O O v O

0
0
MK

Ne
2
Y
2
2K2

3

=

=
=

(8.129)

normally distributed:

asymptotic bound on

0 0 0 0
0 0 0 0
60 —18 —18 —18
13M2?  13MN, 13MN, 13MK
—18 60 —18 —18
13MN,  13N2 13NN, 13KN,
—18 —18 60 —18
I3MN, 13N,N, 13NZ  13KN,
—18 —18 —18 60
I3MK  13KN, 13KN,  13KZ |
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After some simplifications, the asymptotic 3D error bound is obtained as

Po? 54k GOk
AMSEB(() = o7 46— “= + =

(8.131)

8.4 Numerical Simulations

In this section, we perform experiments to study the effects of system param-
eters on the error bounds. The asymptotic bounds are also compared with
the bound. For clarity, results for narrowband and wideband channels are
presented separately. For our simulations, we utilized the normalized MSEB
(NMSEB) defined as NMSEB = MSEB/P. The NMSE bound is averaged
over 500 independent realizations of the channel. The channel parameters
are generated for each realization as follows. The complex amplitudes are
randomly drawn from a complex Gaussian distribution as «, ~ CN(0,1).
The angles of arrival and departure are both selected from a uniform distri-
bution as 6,60} ~ U[—m, 7). The Doppler frequencies are generated from a
spatial rather than temporal point of view as v, = 2rArsin 6y, where Az is
the spatial sampling interval in wavelengths and 6 is the angle between the
direction of travel of the mobile station and the receive antenna array. We
also select 0 from a uniform distribution as 0y ~ U[—n, 7). The path delays
are selected from the delays for the Urban macro (UMA) scenario in the
WINNER II/3GPP channel [3]. Except where otherwise stated, we consider

a sampling rate of 10 samples per wavelength.

8.4.1 Narrowband MIMO Channel

Fig. 8.1 presents the NMSE bounds for a two path channel with K = 50,
N = 2 and M = 2 versus estimated and predicted sample index and compares
these with the performance of the DOD/DOA-MEMCHAP in Section 4.4.4.
With the sampling interval used for the NMSE bound computation and
MEMCHAP prediction, this corresponds to a measurement length of 5\ and
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prediction segment of 3\. As seen from the figure, the NMSE bounds increase
quadratically with increasing prediction horizon and the asymptotic bound
agrees closely with the bound. In Fig. 8.2, we plot the NMSE bounds versus
the number of paths for a prediction horizon of 10 samples (1 X). We ob-
serve that the NMSE bounds increase with increasing number of paths. This
agrees with previous observations that propagation channels having dense
multipath are more difficult to predict [189,190|. Fig. 8.3 shows the effect of
the number of antenna at the transmit and receive ends of the MIMO link
on the prediction NMSE bound using the asymptotic error bound. As can
be seen, the NMSE decreases with increasing number of antennas at either
or both ends. We plot the NMSE bound versus the number of samples in the
observation segment for a 2 x 2 channel with P = 2 in Fig. 8.4. We observe
that the NMSE decreases with increasing number of samples. This is intu-
itively predictable since an increased number of samples leads to improved
parameter estimation and hence, better prediction. Using a criterion similar
to that in [189], a predicted sample is useful if NMSE < 0.05 (=~ -13dB).

Similar results are obtained for the 3D channels.

8.4.2 Wideband MIMO Channels

We study the effects of system parameters on the wideband MIMO prediction
error bounds and compare the asymptotic bound in (8.27) with the results
in [109, 110]. In order to be consistent with [109,110], we consider the root
normalized mean square error (RNMSE) defined as RNMSE = +/NMSE. We
consider a MIMO-OFDM system with bandwidth B = 20 MHz, number of
subcarriers Ny, = 2048 and with 64 equally spaced pilot subcarriers. We
assume that the channel is sampled at every symbol duration (U; = 1).

Fig. 8.5 presents a plot of the asymptotic bound and the bounds in [109,
110] for a two path channel with K = 100, @Q = 64, N =2, M = 2 and SNR =
15dB as a function of frequency and horizon (in wavelengths). The blue

surface is the bound and the red surface is the asymptotic approximation.
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As seen from the figure, the NMSE bounds increase quadratically with both
frequency and temporal horizon and the asymptotic bound approximates the
bound very closely.

In Fig. 8.6, we plot the RNMSE bounds averaged over frequency versus
prediction horizon for SNR of 0 dB and 5dB. We observe that over the range
considered, the maximum difference between the bounds in [109,110] and
our approximation is only about 0.3dB. As expected the bounds increase
with horizon but decreases with increasing SNR. The difference between the
asymptotic approximation and the bound is dependent on the value of the
product NMKQ as illustrated in Figs. 8.7-8.10, where we present similar
results for different values of N, M, K and (). We observed that as the
product increases, the asymptotic approximation more closely approximates
to the bound.

We plot the RNMSE bound versus the number of samples in the observa-
tion segment in Fig. 8.11 for different numbers of antenna elements at both
ends of the link. We observe that the RNMSE decreases with increasing
number of samples. This is because an increased number of samples leads
to improved parameter estimation and hence to better prediction. It also
shows that an increase in the number of transmit and/or receive antenna
decreases the RNMSE. Since the asymptotic bound becomes looser as the
product NM K () decreases, it is advisable to use the error bound expression
for values of N <2, M <2, K <5, and ) < 4.

Finally, we show the effects of the number of paths on RNMSE in Fig. 8.12.
We observe the the RNMSE bounds increases with increasing numbers of
paths. This agrees with previous observations that propagation channels
with dense multipath are more difficult to predict [189, 190].

8.5 Summary

In this chapter, we derived expressions for the lower bound on prediction

error in narrowband, wideband, polarized and 3D mobile MIMO channels.
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8.5. SUMMARY

We considered pilot based systems with UPA and ULA at the BS for the
2D and 3D scenarios, respectively. A ULA at the MS is considered in both
cases.

We also derived simple, readily interpretable and insightful closed—form
expressions for the lower bounds on the performance of channel estimation,
interpolation and prediction. The bound is obtained using the vector formu-
lation of the Cramer Rao bound for functions of parameters in the asymptotic
limits of large frequency and/or time-domain training samples and number
of antennas. The expressions provide useful insights into the effects of system
design parameters such as the number of antennas, number of training pilots,
noise level, number of paths and pilot spacing on the error performance and
are independent of the actual channel parameters. Simulation results show
that the asymptotic error bounds provide good approximations to the bound

while eliminating the need for repeated computation.
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Figure 8.6: Averaged RNMSE versus Figure 8.9: Averaged RNMSE with
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Dynamic Model Based Prediction

and Parameter Tracking

N the previous chapters, we developed several schemes for the prediction
I of narrowband and wideband MIMO channels based on parametric radio
channel (PRC) modeling. The proposed methods assume that the underlying
propagation parameters are stationary over the region considered. However,
these parameters may exhibit some variations in practice. There is therefore
a need to track the spatial /temporal evolution of the parameters. Moreover,
the computational complexity of the prediction schemes can be significantly
reduced by eliminating the need for repeated eigenvalue decomposition and
matrix inversions in the proposed method. A potential approach is to uti-
lize low complexity subspace tracking schemes such as PAST [211,212| and
Bi-iteration SVD [155, 185, 186]. Other methods utilize Bayesian schemes for
recursive estimation such as the Kalman Filter (KF) [94], Extended Kalman
Filter (EKF) [25] and Particle Filter (PF) [28]. While there has been ex-

tensive literature on the prediction and tracking of MIMO channels using
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9.1. DYNAMIC PREDICTION MODEL

Bayesian approaches, particularly the KF in conjunction with Autoregres-
sive Model (AR) models (see. e.g [67,102,116,209|), there exist few results
on the application of these methods to the joint tracking of MIMO multipath
parameters.

The focus of this chapter is to investigate methods for jointly tracking the
parameters of MIMO channels and channel extrapolation taking account for

the temporal /spatial dynamics of the underlying propagation environment.

9.1 Dynamic Prediction Model

In this section we introduce narrowband and wideband MIMO channels with
time-varying parameters and present an overview of selected methods for

modeling the dynamics of the parameters.

9.1.1 Narrowband MIMO Channel

Without the parameter stationarity assumption, the MIMO model in (4.2)

becomes

Zap )a, (0, (t))al (¢,(t))err O (9.1)

The sampled version of (9.1) at time/spatial instant k& can be written as

P(k)
k)= ap(k)ac(8p(k))ay (dp(k))e’ ™ (9:2)

Unlike the static channel model in (4.2), the parameters {o, (k) 0,(k) ¢, (k) Vp}P(k)
are all time-varying. We will however assume that the number of paths re-
mains constant® in our simulations. The development of scheme for tracking

the complex amplitudes will be addressed in our future works.

!This assumption is made for simplicity reasons. The number of paths can be treated
as time varying and methods for modeling and tracking the birth and death of scatterers

can be developed.
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9.1.2 Wideband MIMO Channel

Similar to the dynamic narrowband channel in (9.2), the sampled wideband

channel for [th subcarrier at time instant k£ can be expressed as

P(k)
H(k,0) = ) cpar(,(k))af (¢, (k))e/ e (9:3)
p=1

9.1.3 Modeling Temporal Variation of Channel Param-

eters

Now we will describe methods for modeling the dynamics of the parameters
in (9.2) and (9.3). As described in [3,79], the appearance of new scattering
sources can be modeled as a homogeneous Poisson process with transition
rate Apiren and the lifetime of the scatterers can be described by an exponential
random variable with mean 1/\j. The number of active scatterers P(t) at
a given time instant is therefore a Poisson distributed random variable with
mean E[P(t)] = Apien/Mite]. An illustration of the evolution of number of
scatterers is shown in Fig. 9.1, where we have used Ay = 10X and A = 2.
The average number of paths is therefore, E[P(t)] = 5.

The dynamics of the structural parameters resulting from the movement
of the mobile station and /or scatterers can be described using different mod-
els depending on the environment and the rate of motion. In our analysis,
we consider two common models that are often used in time series analysis.

The models are described as follows.

e First-order Autoregressive Model: The dynamics of a parameter 6 can
be defined using the AR(1) model:

O(k) = Beb(k — 1) + v(k) (9.4)

where By controls the spatial /temporal variation of ¢ from a time in-

stant to another and v(k) is a Gaussian random variable with zero
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Figure 9.1: Evolution of the number of active scatterers.

mean and variance 2. The AR(1) model was used in [86] to model

v

time variation of path delays.

e Linear Advancement Model: An alternative approach to modeling the
time variation for the parameters to follow a straight line advancement
thus

0,(k) = 0,(0) + (k — 1) TsampSo (9.5)

Here, By defines the slope of the straight line and is typically determined
by the rate of movements in the scattering medium. This approach was
used in [90] for modeling delay variation in SISO channels where [y was

defined in terms of the Doppler frequency as

By =2 (9.6)

We

9.2 Adaptive MIMO Prediction

In this section, we present a framework for prediction of narrowband MIMO
channels with slowly varying channel parameters. Unlike the methods pre-

sented in previous chapters, we relax the parameter stationarity assumptions
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CHAPTER 9. DYNAMIC MODEL BASED PREDICTION AND PARAMETER TRACKING

in the adaptive prediction methods. We begin this section by illustrating
the effects of varying parameters on the performance of the DOD/DOA-
MEMCHAP in Chapter 4. Based on the PAST subspace tracker in 3.3.1,
we derive a scheme for jointly tracking the structural parameters (i.e AOD,
AOA and Doppler frequency) of the channel and predicting the CSI based on
the evolution of the parameters. While it may be necessary to also allow the
complex amplitudes of the propagation paths to be time-varying, we retain

the assumption of constant amplitudes over a specified region.

9.2.1 Effects of Parameter variation on CSI Prediction

The effects of slow parameter variation on the performance of the DOD/DOA-
MEMCHAP is illustrated in Fig. 9.2 where we plot the NMSE versus SNR
at a prediction horizon of 1 X\. As shown in the figure, variation of the pa-
rameters degrades the the prediction performance. This is expected, since
the prediction method relies on the assumption of constant channel parame-
ters. We observe that the performance difference between the scenario with
constant parameters and those with varying parameters increases with in-
creasing SNR and that increasing the rate of change, 3, of the parameters
increases the NMSE.

51
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Figure 9.2: Effects of parameter vari- Figure 9.3: NMSE versus SNR.
ation on the NMSE.
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9.2. ADAPTIVE MIMO PREDICTION

A potential method to reduce the performance degradation is to use
the recursive covariance matrix estimate given in (3.50), where the spatio-

temporal correlation is updated at every time instant as
Rys(k+1) = (R (K) + (1 = Qg(k + 1g(k + 1) (9.7)

where ( is the forgetting factor and fl(k) is the NM K. x 1 vector of channel
observations at the kth instant. K.(2 < K. < K) corresponds to the small
number of samples over which the temporal variation can be neglected. In
Fig. 9.3, we compare the performance of the DOD/DOA-MEMCHAP with
the covariance matrix estimated using (9.7) with ¢ = 0.4 and (4.93) for a four
path channel. For clarity, we refer to the method using the covariance matrix
estimate in (9.7) as Adaptive covariance (AC)-MEMCHAP. In both cases,
the variation of the parameters is modeled using the linear advancement
model with 8 = {1073,107%,1075}. We observe that the method utilizing
the static covariance matrix estimate in (4.93) outperforms that using (9.7)
for variation rates of 107° and 10~%. However, both methods show similar
poor performance for the faster rate of 1073. A plausible explanation for
the performance gain with the static covariance estimate is that the Hankel
matrix formulation in (4.17) allows for the re-use of data at all time instants
for both array and averaging gains. This results in more accurate covariance
estimate and hence, better parameter estimation prediction. It should be
noted that the choice of the forgetting factor { affects the performance of the
AC-MEMCHAP. It may therefore be useful to develop methods for finding

optimal values of (. This is however, outside the scope of this chapter.

9.2.2 Adaptive MEMCHAP

In 9.2.1, we illustrated the effects of varying channel parameters on the per-
formance of MEMCHAP and made comparison with a modified approach
termed, AC-MEMCHAP, which estimates the covariance matrix adaptively
using (9.7). This section derives an adaptive prediction method based on
the PAST subspace tracker in Section 3.3.1. The idea is to jointly track
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the parameters and use the parameter evolution to perform prediction. For
simplicity we retain the assumption of quasi-stationary number of paths and
complex weights and derive an adaptive multidimensional ESPRIT method
for tracking the channel parameters. We also assume that the number of
paths are known. A summary of the steps in the adaptive MEMCHAP are

as follows.

e Adaptive Joint parameter estimation: Given the K noisy CSI esti-

P

p—1 are estimated for k =

mates, the parameter set {1, (k), u,(k), vp(k)
1,2,---, K in this step.

e Complex amplitude estimation: Using the estimated channel parame-

ters, the complex amplitudes are estimated via a least square approach.

e Parameter extrapolation: This stage involves evaluating future values

of the structural parameters using the past estimates.

e CSI prediction: As in the static approach, this stage involves extrapo-

lation of the CSI based on the parameter estimates.

Semi-Adaptive Joint Parameter Estimation

Let h(k) be the vectorized form of H(k). We assume that the parameters

can be assumed constant over every K, instants and define

h((i — 1)K, +1)

d(i) = B((i = DR +2) =1, (9.8)

h(iK.)
where ¢ is the new time instant at which parameters are to be estimated and
I = K/K,. The I data vectors correspond to vectorized version of I groups

of K. channel samples. The grouping combines the temporal and spatial

channel structure into one dimension, so that 3D parameter estimation can

207



9.2. ADAPTIVE MIMO PREDICTION

be performed. As presented in Section 4.4.4, the central part of the 3D

ESPRIT parameter estimation is the solution of invariance equations, thus

Bg = (JooB,) Ja Es (9.9)
(I;r - (Jr2Es)TJr1Es (910>
®, = (JE )T, E, (9.11)

where (-)T denotes the pseudo-inverse of the associated matrix, Ey contains
the eigenvectors of the covariance matrix corresponding to the signal sub-
space and J ;¢ = 1,2 are the selection matrices defined in (4.96). The
PAST algorithm presented in Section 3.3.1 can be applied to track the vari-
ations Eg(7), thereby eliminating the need for repeated EVD. Let Vi(i) =
JXgES(i); ¢ =1,2, the semi-adaptive 3D ESPRIT can therefore be expressed
as

@.(i) = Vi (i)Va (i) (9.12)
Again the MEVD can be applied to (9.12) to obtain automatically paired

estimates. Denoting
®(i) = B,(i) + B (i) + Pa(i)
=T AT, (9.13)

the parameters are obtained as

i (i) = arg[diag{T®, (i) T~'}]
fu' (i) = arg[diag{T®; ()T}
0(i) = arg|diag{T®q(i)T~'}] (9.14)

The performance of the semi-adaptive joint parameter estimation and track-
ing is illustrated in Figs. 9.4, where we plot the true and estimated parame-
ters. We consider a 2 x 2 narrowband MIMO channel with P = 2 paths and
a mobile velocity v = 50 km/h at SNR= 10dB. We observe that the PAST
based iterative estimation yields reasonable parameter tracking accuracy for

all dimensions.
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Figure 9.4: Joint tracking of AOA, AOD and Doppler shifts at SNR= 10dB

As in (9.12), this approach requires explicit computation of the matrices
®, (i) at every time instant via a matrix inversion. As shown in [33] for
one dimensional estimation, the computation can be eliminated by updat-
ing ®,(i) recursively. A 3D extension of the adaptive ESPRIT method is

presented in the next section.

Adaptive Joint Parameter Estimation

Consider the PAST subspace tracker in Algorithm 1 on page 54. The signal

eigenvector Eg(7) is obtained via a rank-1 update, thus
Eq(i) = Es(i — 1) + e(i)g(i)" (9.15)
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Analogously, the update of the matrices in 9.12 can be expressed as

V(i) = V(i — 1) + erl(i)g<i>H Via(i) = Vig(i — 1) + er2(z‘)g(z’)H

V(i) = Vi (i — 1) + eq (i)g (i) Via(i) = Via(i — 1) + e (i)g (i)

Var(4) = Vi (i — 1) + eq1 (1) g(i)? Vaa (1) = Via (i — 1) + eqa(i)g(1)”
(9.16)

Our aim is to derive expression for recursively updating ®,, ®; and ®g.

Consider the pseudo-inverse of V;;(7) defined as

V() = (Va ()" Vaa (8)) " Vi ()" (9.17)
Let
A (i) = Va(0) "V (4), (9.18)
and define
Brl (Z) = Arl (i)_l (919)

such that (9.17) becomes
V(i) = Ba())Vau ()" (9.20)
Substituting the corresponding update equation (9.16) into (9.18) yields

Aq(i)=Va(i—1)+ er1(i>g(i)H)H(Vr1(i - 1)+ erl(i)g(i)H)
= V(i — DV (i — 1) + Vi (i — D ey (0)g (i)

a8V li ~ 1) + (llen (g 921
Defining
Culi) = [Vali = 1) 800)], 92
0 1
D,(2) = .
v [1 Heﬂu)rP] .

and using (9.18), (9.21) can be written as
An(i) = Au(i — 1) + Coy(i)Du (i)Cra (8) 7 (9.24)
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Now substituting (9.24) into (9.19) yields
B,i(i) = (Ay(i — 1) + Cpy (i)Dyy (1) Cra () ) ! (9.25)

Assuming that A,;(i — 1), C,1(7) and D,y (i) are non-singular matrices, the

matrix inversion in (9.25) can be expressed as [33]

Bu(i) = An(i—1)7" = A (i — 1) 'Cu (i) (Dua (i) ™" + Cua (i) A (i — 1)—1(11(@'))’1

X Cp ()" By (i — 1) (9.26)
Letting
Erl(i) =B ('L - 1)Crl (2)7 (927)
and
S (i) = (Du ()™ + Ea())Culi) (9.28)
(9.26) reduces to
Bui(i) = Buali — 1) — Bt ()5 ()8 ()" (9.20)

Substituting (9.29) into (9.20) yields

Vi) = (Bu(i — 1) = En(i) 2 () ()") (Va(i — 1) +en()g()™)

(9.30)
After straightforward mathematical simplifications, (9.30) becomes?
V() = Vi — 1) + Y (@)Q()" (9.31)
where
Y (i) = B ()20 (0) (9.32)
and
Qi) = [en (i) 0] = V(i — 1)En(9) (9.33)

2A similar recursive update expression have been presented in [33] for the one-
dimensional adaptive ESPRIT.
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Substituting (9.31) and the update equation for Vio(i) in (9.16) into (9.12)

gives

( 2 (1= 1)+ YHRO) (Vali = 1) + enli)g(i)")
VI = DVia(i = 1) + Vi (i = Dewa(i)g(i)"
<z>ﬂ<z>Hm2<z — 1)+ Y (0)Q(i) e (i) (i)
(z — 1) + V(i — Dew(i)g(i)! + XY ()R Viai)  (9.34)

Defining
r(i) = [V - Deald) ()], (9.35)
and
(i) = [g(7)  Via(d)] (9.36)
(9.34) can be written as
®.(i) = ®,(i — 1) + L)) (9.37)

Expressions for updating ®,(i) and ®4(i) are obtained following a similar

procedure. Again, we use (9.13) and (9.14) to extract the channel parameters.

Complex Amplitude Estimation

Since the complex amplitudes are assumed to be constant over the entire

region of interest®, the first entry of (9.2) can be expressed as
o (i Za SV Lp(i)ii =1, 1 (9.38)

Collecting the I equatlons in (9.38) gives

(1) 1 1 1 o
i:l 2 6]V1(2) 6.71/2(2) P e]l/P(2) o
n@ e R . 2w (0.3
hua (1) I I-Dn(D) GiI=Dwa(D) ... i | |

3This assumption is only made here for simplicity reasons. In practice, the complex
amplitudes may also exhibit temporal /spatial variations necessitating the need for methods

to model their variation and tracking. This could be investigated in our future works.
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Table 9.1: Simulation Parameters

Parameter value

Carrier Frequency 2.1 GHz

Mobile Velocity 50kp/h

Tx/Rx Antenna Conf. ULA @ 1/2 X spacing
Sampling Rate 10/A

Variation Rate (0) 1073

Training Length 100

which can be compactly written as
hy = Ga+w (9.40)
By minimizing the MSE in (9.40), we obtain

&= (G"G)'G hy (9.41)

CSI Prediction

Having estimated the time-varying channel parameters over the observation
segment, the predicted CSI at a desired instant can be obtained by first
extrapolating the parameters and then substituting into the model. Extrap-
olation of the channel parameters can be achieved by using either a linear
or polynomial regression methods. However, there is an inherent problem
of parameter association over time, making it difficult to apply any of the
prediction methods. An alternative approach is to use the most current pa-

rameter estimates for evaluating future values of the CSI, thus

F(k) = 37 dpan ey (K))al (uy ())en ) (9.42)

fork=K+1,K+2,---.
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Figure 9.5: NMSE of adaptive method at different variation rates.

9.3 Simulation and Results

In this section, we evaluate the performance of the adaptive prediction method.
We consider a 2x2 narrowband channel with parameters in Table 9.1. Fig. 9.5
presents the prediction NMSE as a function of SNR at a prediction horizon
of 0.1 \. We observe that, with parameter variation rate of 1073, the PAST
based adaptive method decreases the performance NMSE of DOD/DOA-
MEMCHAP scheme by approximately 6dB at all SNR values considered.
However, both methods yield similar NMSE at low SNR for a slower rate
of 107* with the DOD/DOA-MEMCHAP performing better at high SNR
values. An explanation for this is that, while the adaptive method is able
to overcome the degradation resulting from parameter variation the static

method make better use of the measurements.
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9.4 Summary

In this chapter, we have investigated methods for jointly tracking the struc-
tural parameters of a narrowband MIMO channels based on a multidimen-
sional extension of the adaptive ESPRIT scheme. The parameter tracking is
achieved via a PAST subspace tracker. Simulation results shows that while
the DOD/DOA-MEMCHAP approach in Chapter 4 outperforms the adap-
tive method for slowly varying channel parameters, the adaptive scheme offer
improved prediction NMSE performance with increased variation of the chan-
nel parameters. Incorporating variation of complex amplitudes and evolution
of the number of scatterers into the adaptive scheme could be considered in

future research.
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CHAPTER 10. CONCLUSIONS AND FUTURE RESEARCH

Conclusions and Future Research

10.1 Summary of Contributions

T HIS thesis investigated the prediction of mobile MIMO channels to enable

1 adaptive transmission and limited feedback techniques. Our focus is on
the utilization of temporal, spatial and frequency structure of the channel to
improve parameter estimation and prediction accuracy.

We began our investigations with the exploration of bandlimited extrap-
olation methods (see Appendix B) for narrowband mobile MIMO wireless
channels. A discrete solution of the 2D prolate spheroidal wave functions
(PSWF) was derived based on the 1D solution in [98]. Based on the bandlim-
ited properties of wireless channels, we evaluated the performance of both it-
erative and non-iterative bandlimited extrapolation schemes for MIMO chan-
nel predictions. We further derived schemes utilizing the discrete prolate
spheroidal sequences (DPSS) for predicting both narrowband and wideband
MIMO channels. We observed that while the DPSS based methods offer rea-

sonable performance particular for short range prediction, they suffer from
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a number of limitations such as sensitivity to noise, requirement for over-
sampled training data, and most importantly, non-utilization of the spatial
information offered by the presence of multiple antenna elements. Compared
to the application of the one-dimensional ESPRIT based prediction scheme
in [24], we observed that while the DPSS performed better in the training seg-
ment, the prediction performance of the ESPRIT scheme are generally better
and sensitivity to sampling rate is much lower. These reasons motivated a

shift of our research focus to parametric radio channel based approaches.

Several schemes based on spatial channel modeling and multidimensional
ESPRIT are proposed for pilot based narrowband mobile MIMO systems
in Chapter 4. Using the double directional MIMO channel model, we de-
rive variations of prediction models by eliminating dependence on transmit
and /or receive array geometry. The prediction models are termed DOD /DOA,
TSSM, RSSM, and MSSM and the prediction methods are referred to as
MEMCHAP. The acronym for the model are used as prefixes to differentiate
the methods. Our investigations showed that utilizing the spatial structure
of the MIMO channel results in improved parameter estimation and CSI pre-
diction accuracy, with the method utilizing both transmit and receive spatial
structure (DOD/DOA-MEMCHAP) outperforming those with only receive
(TSSM-MEMCHAP), only transmit (RSSM-MEMCHAP) and no spatial in-
formation (MSSM-MEMCHAP). In order to investigate the effects of the
elevation spectrum on CSI prediction, we extended the parametric predic-
tion concept to a 3D propagation scenario with UPA at the BS and a ULA
at the MS.

In Chapter 5, we extended the prediction concept to pilot based wideband
mobile MIMO channels. As in the narrowband case, we refer to the wideband
methods as WIMEMCHAP and used the acronyms for the models as pre-
fixes. Motivated by the cluster based modeling approach in recent standard-
ized models, where rays are grouped into clusters based on their delay infor-
mation, we proposed a cluster based method termed CBM-WIMEMCHAP.
Unlike the non-cluster based methods, the CBM-WIMEMCHAP involves a
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two-stage parameter estimation, where the cluster delays are estimated in
the first stage using the frequency statistics of the channel followed by a
multidimensional estimation of the structural parameters for each cluster us-
ing the spatial and temporal information. Experiments using the WINNER
IT SCM model revealed that the CBM-MEMCHAP offer better prediction

when compared to the non-cluster based methods.

As a result of the difference in modeling, parametric prediction schemes
are presented for mobile-to-mobile and polarized MIMO channels in Chap-
ters 6 and 7, respectively. A simple method for estimating the transmitter
and receiver velocity in M-to-M channels is also proposed. We observed that
polarization diversity improves parameter estimation and CSI prediction per-
formance by virtue of data averaging from multiple polarization dimensions.
The effect of antenna orientations (i.e., slant angles) on channel prediction
was also studied and we observe that systems with 0, 7/2 slant angles offer

improved performance compared to those with +m/4.

In Chapter 8, we derived bound on the prediction of mobile MIMO wire-
less channel in 2D and 3D propagation environments using a vector formu-
lation of the CRB for functions of parameters. Motivated by the need for
readily interpretable expressions for the FIM and prediction error bound, we
derived closed form expressions in the asymptotic limits of large number of
training samples and/or antenna elements. We showed via simulations that
the asymptotic expressions provide close approximation to the error bound

while eliminating the need for repeated computation.

Lastly, we studied the effect of temporal variation of channel parameters
on the performance of the proposed prediction methods in Chapter 9. We
observed that increased variation of the channel parameters degrades the
performance of the MEMCHAP scheme. An adaptive multidimensional ES-
PRIT based predictor named AMECHAP is proposed based on the PAST
subspace tracker, where the parameter estimation stage involve jointly track-
ing the evolution of the channel parameters. Simulation results showed that

the adaptive approach offered improved performance for fast parameter vari-
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ation rate.

10.2 Conclusions

In this thesis, we have developed several approaches for real time prediction of
narrowband mobile MIMO wireless channels. Based on parametric modeling
of the double directional channel, we derived different versions of the model
upon which our prediction methods are based. We proposed an adaptation of
multidimensional ESPRIT for jointly extracting the parameters of the mod-
els and extrapolation is achieved using the estimated parameters. We have
also studied the effects of using the spatial structure of the MIMO channel
on channel parameter estimation and CSI prediction. Our results indicate
that methods utilizing the spatial information for array gain outperform the
classical SISO based schemes, in which the MIMO channel entries are treated
as independent SISO links. We also observed that utilizing both the transmit
and receive spatial channel structure as in the DOD/DOA methods results
in better parameter estimation and CSI prediction accuracy than those with
only transmit (i.e., RSSM) and only receive (i.e., TSSM) spatial information.

The proposed prediction methods have also been extended to other sce-
narios including wide-band systems, mobile-to-mobile transmission and sys-
tems with polarized antenna arrays. A simple method for estimating the
velocity of the transmitter and receiver in mobile-to-mobile systems using
the channel parameters is also presented. We have also investigated the ef-
fects of antenna orientation on the prediction of polarized MIMO channels
using the two common dual polarized antenna configurations, i.e., /4 and
0,7/2. We observed that the 0,7/2 antenna configuration offers better pre-
diction performance.

Based on the vector formulation of the CRB for function of parameters,
we derived simple closed—form expressions for the prediction error bounds

for all the scenarios considered. Our results indicated that the performance

of the DOD/DOA-MEMCHAP approaches the bound with increased SNR
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and/or sample length. The derived bounds show that prediction error grows
linearly with number of paths and noise variance and quadratically with the
prediction horizon in both time and frequency. The bounds also show an
inverse relationship between the error bound and number of transmit and
receive antenna elements.

In order to relax the parameter stationarity assumption in our predic-
tion methods, we have also developed a method for tracking the slow vari-
ation of the channel parameters based on the PAST subspace tracker. The
adaptive approach was shown via simulations to outperform the DOD/DOA-
MEMCHAP method when the channel parameters are allowed to vary over
time. Relaxation of the stationarity assumption makes real time prediction

of wireless channel more feasible in practice.

10.3 Future Research

This thesis has made significant contributions to mobile MIMO channel pre-
diction. Since research works often lead to the identification of areas that
require further exploration, we highlight below some research topics based

on our findings.

e Complexity reduction: Since the prediction methods are based on mul-
tidimensional ESPRIT, a straightforward approach to reduce the com-
putation load would be transforming the complex-valued processing in
the parameter estimation stage into real-valued computations. This can
be achieved by using multidimensional extension of Unitary-ESPRIT
[73], which has been shown to offer improved parameter estimation per-
formance at a lower complexity compared to the ESPRIT used in our
methods. Investigation into data transformation approaches which sat-
isfy the centro-symmetric data requirement in addition to translational

invariance will be addressed in our ongoing research.
e Performance evaluation using measured data: Extensive performance
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evaluation of the prediction schemes presented in this thesis using mea-
sured channel data is an interesting topic for further research. Appli-
cability and/or extensions to other common array geometries such as

the circular and spherical arrays may also be useful.

e Developing models for parameter variation using measured channels:
Another interesting research topic may involve developing models to
capture the variation of multipath parameters based on channel mea-

surements.

e Effects of array imperfections/antenna coupling on the algorithm per-
formance: It may also be interesting to investigate the effects of an-
tenna array imperfections and mutual coupling on the performance of

the proposed methods.

e Parameter association: As mentioned in Chapter 9, a potential method
to improve prediction when the channel parameters are time-varying
is to extrapolate the parameters before applying them for CSI predic-
tion. An interesting problem for further research is the development of

methods for associating the estimated parameters over time.

e Effects of synchronization errors: It may also be very useful to relax the
perfect synchronization assumptions made in this thesis and investigate

the effects of synchronization errors on the prediction performance.

e Useful of Erroneous Channel State Information at the Transmitter
(CSIT): The main motivation for channel state prediction is to im-
prove the accuracy of the CSI at both ends of a wireless link. In a
recent study on the usefulness of bad CSI at the transmiter [123], the
authors showed that a degree of freedom greater than unity is achiev-
able in a MIMO broadcast channel even when the CSI is completely
outdated. Since, the analysis in the paper only considered multiuser

MISO broadcast channels and relied on a number of assumptions, it

222



CHAPTER 10. CONCLUSIONS AND FUTURE RESEARCH

may be worthwhile to investigate the validity of these claims and ap-
plicability to other MIMO configurations such as the multiple access

channels and point-to-point transmission.

e Application: Another interesting area for further research is to incor-
porate the schemes proposed in this thesis into MIMO communication
systems requiring transmit side CSI such as codebook based limited
feedback schemes, scheduling and coordinated transmission. The over-
all system performance and/or performance improvements with pre-
dicted CSI may then be investigated using other performance metrics.
Our ongoing research is evaluating the effects of channel aging on lin-
ear precoding schemes including Zero—Forcing (ZF), Signal-to-Leakage
Noise Ratio (SLNR), Regularized Zero—Forcing (RZF) and Block Diag-
onalization (BD) for the down-link of multiuser MIMO systems. Our
prediction schemes will be incorporated into these precoders and the
overall system performance will be evaluated using metrics such as sum
rate and outage probability. A summary of our preliminary investiga-

tions and the proposed study is presented in Appendix C.
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Contributions to Bandlimited

Signal Extrapolation

A.1 Introduction

ANDLIMITED signal extrapolation (BSE) is a common problem in many
B theoretical and applied fields such as spectral estimation, image restora-
tion, Fourier analysis and wireless communications and has been the focus
of several research works (see e.g., [39, 66,89, 145,160, 180]). In this chapter,
we investigate the prediction of mobile MIMO channels using bandlimited
extrapolation techiques. After a brief review of bandlimited signal extrapo-
lation in Section A.2, we present an introduction to the Prolate Spheroidal
Wave Function (PSWF) along with a derivation of a discrete solution of
2D PSWF in Section A.3. Methods for the prediction of narrowband and
wideband MIMO channels using DPSS are then described in Section A.4.
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A.2 Bandlimited Signal Extrapolation (BSE)

A function f(t) € L*(R) is said to be o-bandlimited if
§{ft)} =0 YweR (A.1)

where § denotes the Fourier transformation defined as
S = [ e (A2)

with the inversion formula given by

S =5 [ fwer (A3

Assuming that f(t) is known over the interval [T, T], the problem of ban-
dlimited extrapolation is to find the signal outside the known region. Sev-
eral iterative and non-iterative methods have been proposed for BSE. These
methods are generally classified into: Minimum energy extrapolation, Time—
Bandwidth dimension based extrapolation and energy concentration extrap-
olation. A review of selected iterative and non-iterative methods for the

extrapolation of bandlimited signals is presented in this section.

A.2.1 TIterative Method

Similar to the Gerchberg’s iterative algorithm for improving data resolution
through error energy reduction [66|, Papoulis presented an iterative extrap-
olation method in [145] which converges to the actual bandlimited signal if
the known data is noise-free. The Papoulis approach can be represented in

equation form as

I = Prft) + (I — Pr)§ H{P3{f"}} (A.4)

for k=0,1,2,---. Pr and P, are time-limiting and band-limiting operators
defined as
[ty tel-T.T]

0 t¢ [-T,T] (4.5)

PTf(t):{
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and

) flw) w € [—o,0]
P, f(w) = { ; i [—0.0] (A.6)

respectively. Proof of the convergence of the iterative algorithm can be found
in [145]. Note that the known segment of the signal for initializing the iter-
ation can be denoted as fl(t) = Prf(t).

A.2.2 Extrapolation Matrix Method (EME)

Motivated by the slow convergence rate of the Papoulis iterative method,
an extrapolation matrix method, where the iterative procedure is replaced
with a single matrix operation, was proposed in [160|. Using (A.4), the first

iteration of the iterative method can be expressed as
fU = 04 fiBX (A7)

where X = diag{1,1,---,1,0,---,0,0,---,0,1,1} is a diagonal switching
matrix that makes the known segment zero and B = W IGW. W is the
discrete Fourier transform (DFT) matrix and G is a matrix of weights. Sim-

ilarly, the second and third iteration can be shown to be
Fl2 = ol g £ = plO 4 Ol flO)E2 (A.8)

and
fB = ol fRIH = fO) 4 fOIg 4 fOI2 4 fOIH3 (A.9)

where H = BX. It follows from (A.7), (A.8) and (A.9) that
fIND = g0 POl 4 fOIg2 4 OIS 4. 4 fOIN

N
— f[O] Z H”
n=0

= OBy (A.10)
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where Ey = Zﬁ;o H" is the extrapolation matrix at the Nth iteration. For
N = oo, the extrapolation matrix for infinite number of iterations was shown
to be [160]

Eo=I-H)"! (A.11)

A.2.3 Minimum Norm Least Square Extrapolation

The extrapolation matrix approach is a discretized version of the iterative
algorithm for continuous signals. However, its convergence to the original
signal is not guaranteed since the analytic property of continuous signals
upon which the algorithm is based does not hold for discrete signals. In
order to overcome this limitation, a minimum norm least square (MNLS)
method is proposed in [89] for converting the continuous extrapolation into

discrete form.

A.3 Prolate Spheroidal Wave Function

In this section, a discussion about prolate spheroidal wave functions along
with discrete solution of PSWFs in 2D is presented.

The PSWFs [178,179] popularly known as Slepian functions have been
studied extensively as a basis for decomposition and reconstruction of ban-
dlimited signals. The PSWFs W, (¢)! with concentration on the interval

[—T,T] are the normalized eigenfunctions of the integral equation [179]

T .

—t

/ w0 ) v (a) (A.12)
7 m(x —1t)

where t is the continuous time variable and k represents the order of the

eigenfunction. Ay is the eigenvalue of the sinc kernel which serves as a mea-

sure of how concentrated Wy (¢) is on the interval [—7,T]. In practice, the

!Note that the PSWF can also be parametrized in terms of the time-bandwidth pa-

rameter, defined as ¢ = 0T .
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PSWFs and associated eigenvalues may be computed numerically using [98]

\/f ;;/T T (%) (A.13)

QCR()”(]_>2

™

and

A = (A.14)

where S, () and R,, (1) are the angular and radial solutions of the Helmholtz
equation of the first kind, respectively. Some relevant properties of the PSWF

and procedures for signal extrapolation using the PSWF are given below.

A.3.1 Properties

The PSWFs have several fascinating properties, some of which includes:

Invariance to Fourier Transform

The PSWF W (t) are invariant to both finite and infinite Fourier transforms

which are given by

/_TT Uy (t)edtdt = j* (%iﬁ) v U, (%) (A.15)

o0 . 27T\ /2 T
/ Uy (1) dt = 5* (TT) U, (“’U) (A.16)

respectively. The invariance to Fourier transformation is a result of the ban-
dlimited property of the PSWFs which is measured using the bandwidth

and

parameter c.

Dual Orthogonality

Another interesting property of the PSWEF and possibly the most important

for signal extrapolation is dual orthogonality. Unlike other basis functions,
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which are only orthogonal over a finite interval, the PSWFs are orthogonal

on the finite domain and orthonormal in the infinite domain i.e.,

/T Uy (1) T (t)dt = { A fork=¢ (A.17)

T 0 otherwise

/Oo U (1), (1) dt = { L for k=t (A.18)

00 0 otherwise

Bandlimitedness

The bandlimited property of the PSWFs is measured using the Slepian fre-

quency (also known as time-bandwidth parameter) defined as
c=o0T (A.19)

where o denotes the bandwidth of the PSWFs.

Even/Odd Symmetry

Depending on the order k£ of a PSWF, it exhibits either even or odd symmetry.
If k is even, the PSWF has even symmetry and vice versa. Detailed discussion

and proof of these properties can be found in [178,179|.

A.3.2 Signal Extrapolation Using PSWF

It follows from (A.18) that any continuous function f(t) can be represented

as a weighted summation using this orthonormal basis as
F) = wUi(t) (A.20)
k=0

where 7, are scalar weighting factors defined as

S F)W(t)dt
T W)Uy (t)dt

_ / T Ot (A.21)

Yk
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Using Parseval’s theorem, the coefficients v, satisfy

Soat= [l (A.22)

The basis expansion in (A.20) therefore converges to the true value of f(t)

with convergence in a squared error sense given by [179]

[e.e]

K—x oo

An approximation for f(¢) based on (A.23) is thus

FE) =D wT(t) (A.24)

Note that the approximation in (A.24) is well suited for functions whose
energy distribution span an infinite interval. However, most practical ex-
trapolation problems involve functions defined over a finite time domain.

Such functions can also be approximated using (A.24) with

e = Aik /_ GOy (A.25)

Extrapolation of wireless MIMO channels using the concept of bandlimited
extrapolation and specifically the PSWF will be addressed in A 4.

A.3.3 2D Prolate Spheroidal Wave Function

The 2D prolate spheroidal wave functions (PSWF) are the eigenfunctions of

the integral equation

/7 /T \I/(u,v)Sin(CD(x — w) sin(ely = v)) dedy = \V(z,y) (A.26)

mz—u) 7y —v)

The techniques used in the literature for the computation of the PSWFs

include the asymptotic solutions of Prolate spheroidal differential equations
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(PSDE) and Bouwkamp’s method of Legendre series. The computational
complexity of these methods limits the applications of the PSWF. In [98], a
discrete solution was proposed for 1D PSWEF. Using the Whittaker-Shannon
sampling theorem [172] in 2D, we propose a discrete solution for the 2D

PSWF.

2D Shannon Sampling Theorem

The Shannon’s theorem in 2D implies that the exact reconstruction of a
bandlimited function g(z,y) can be achieved from an appropriately spaced

array of its samples g(n,m) = g(nll,, mIL,)

g(z,y) = Z Z g(n,m) sinc (%) sinc <%) dx dy
n=-—00 M=00 z Y
(A.27)

where II, and II, are the sampling intervals in the x and y-direction respec-

tively.

Solution of 2D PSWF

Consider the integral equation in (A.26). The kernel of the equation can be

decomposed using the sampling theorem (A.27) as

K(z,y) = sinc(®(x — u)) sinc(p(y — v))
= Z Z sinc(Px — 1) sinc(py — j) sine(Pu — i) sinc(pv — 7) dz dy

1=—00 j=00

(A.28)
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Plot of 20 Largest Eigen Values of 2D PSWF

Eigenvalus

(a) Eigenvalues (b) First Four Eigenfunctions

Figure A.1: 2D PSWF. Computed using the sampling theorem approach.

Substituting (A.28) into (A.26), we obtain

U(x,y) / / (u,v) Z Zsmc (Px — i) sinc(py — 7)
S -

1=—00 j=00

x sinc(Pu — i) sinc(pv — j) dz dy

ZZsmc@x—z sinc(py — j / / U(u,v)

1=—00 j=00

x sinc(Pu — i) sinc(pv — j) dz dy (A.29)
The integral in (A.29) can be evaluated using (A.26) as

vy T
NijU(i,7) = / / U (u, v) sinc(Pu — i) sinc(pv — j) dr dy (A.30)
Y

Expanding ¥ (u, v) using the sampling theorem and substituting into (A.30),

we have

Nij ¥ (i,5) = Z Z/ /_T sinc(Pu — 1) sinc(pv — j) sine(Pu — a)

a=—00 b=c0

x sinc(ov — b)W;5(a, b) dudv

= Y D (AG,0)B,b)Wy(ab) (A.31)

a=—00 b=c0
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where A(i,a) and B(j,b) denotes the 1D integrals in (A.31) evaluated with
respect to u and v respectively. A compact representation of (A.31) for all

possible values of 7, 7,a and b is
AU =PVU (A.32)

where P = A ® B. The 2D integral equation has now been reduced to
a discrete eigenvalue problem with the infinite dimensional matrix P. It
has however been shown in literature [98] for the 1D case that the infinite
matrices A and B have significant element in submatrices with dimension
of the order of the space-bandwidth product. Matrix P can therefore be

truncated to dimension ¢ = y7Pp.

Computation of 2D PSWF Eigenfunctions

The procedures for the implementation of the discrete solution are:

e Calculate the Shannon number (i.e., space-bandwidth product) for x

and y-dimensions

Perform 1D integrals numerically to obtain A and B

Truncate matrices A and B in the order of the Shannon’s number

Evaluate P and solve the eigenvalue problem in (A.32)

Interpolate the eigenvectors to obtain the 2D PSWF eigenfunctions

Fig. A.1 present the eigenvalues and the first four eigenfunctions.

A.4 Application to Wireless Channel Predic-
tion

This section addresses the problem of MIMO channel prediction using ban-

dlimited extrapolation techniques. Although the iterative and non-iterative
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schemes presented in Section A.2 can be applied directly to extrapolate nar-
rowband channels based on the knowledge that the Doppler spectra has a
finite support, the section will focus on the application of Discrete prolate
spheroidal wave sequences (DPSS) to the prediction of narrowband MIMO
channels. Similar studies have been reported in [223,224] for time-variant
SISO channel estimation. This approach will also be extended to the predic-
tion of MIMO-OFDM channels, where the channel has finite support in both
time and frequency domain (i.e., finite Doppler and delay bandwidths).

A.4.1 Narrowband Channel

Consider an N x M MIMO channel with each entry modeled as

P
h(t) = aelr! (A.33)
p=1

where o, is the complex attenuation which accounts for attenuation, phase

shifts and antenna response and
Wy = Winax COS O (A.34)

is the Doppler frequency, with wy.x denoting the maximum Doppler fre-
quency. Assume that the channel is sampled at an interval 7T, and define
h[¢] £ h(¢T}). (A.33) can then be represented as

P
h(0) =" apel™ (A.35)
p=1

where v, = w,T; is the normalized Doppler frequency which can be expressed

in terms of the normalized maximum Doppler frequency vy« as
Vp = Vnax COS 0, (A.36)

Since the angles of arrival typically vary between —7m and m, the Doppler

spectral of the channel is bounded by [—Vmax, Vmax]-
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Basis Expansion

As shown by Slepian [178], an optimal basis for bandlimited channel are the
DPSS, which are concentrated in an interval of length L [224]

S
S S TrE (4.57)

with 0 < A < 1 and bandlimited t0 [—Vpax, —Vmax] Such that

U] = / o U (v)el™ dy (A.38)
where
W)= > w[fle ™ (A.39)
{=—00

The DPSS have been shown to be the real valued eigenvectors of [178]

“gin 27TVmax m—{))

-4

Wi [m] = ApWi[f] (A.40)

m=0

for m,¢ € [0,1,--- , L —1]. Similar to the PSWF, the DPSS exhibits proper-
ties analogous to those highlighted in Section A.3. Note that the eigenvalues
Ak of (A.39) are close to unity for k£ < [2uacL] + 1 and rapidly decrease
to zero for k > [2u.cL] + 1. The optimal dimension for a basis expansion
using DPSS can therefore be approximated by P = [2vp. L] + 1 [223].

Channel Prediction

The first step in the prediction of the channel is to expand the L noisy CSI

samples in terms of the basis function

MO = W[l €=0,1,--- L1 (A.41)
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where P’ is the model order which is satisfies P < P’ < L and +, are the

weighting co-efficients. (A.41) can be expressed in matrix form as

B[O] Wo[0] U1 [0] T Wpr4[0] 7o
15['1] _ 11/9[1] \1,1‘[1] a qu,._lm | a2
B[L — 1] UolL —=1] W[L—1] -+ Up4[L—1]] [yp—1
which can be expressed in a compact form
h = U~y (A.43)
Equation (A.43) is solved to obtain the weights vector v as
4 =wth (A.44)

where AT denotes the Pseudo-inverse of A. Using the estimated basis, future

states of the channel can be predicted from
hlu] = Zﬁp\ifp[u] u=LL+1,--- (A.45)

where ,[u] is the extrapolated basis vector at instant u which can be ob-
tained using [224|

L—

H

sin 27wmax

1
P )\p

)_ Dy 10 (A.46)

A.4.2 Wideband Channel

Here, the channel prediction method based on Slepian basis expansion is
extended to wideband MIMO channels where the finite path delays result in
an additional dimension in addition to the Doppler bandwidth. Again, the
MIMO channel is treated on a per entry basis. Consider the impulse response

of a frequency-selective channel defined as
P
T) = Z P S(T — 1) (A.47)
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where 7, is used to denote the delay of the pth path. The Fourier transfor-

mation of (A.47) gives the frequency response of the channel
P
t,f) = Z auyelrte I (A.48)

where f denotes the frequency variable. Now, assuming an OFDM based
transmission with subcarrier spacing Tt, the sampled frequency can be rep-

resented as

P
b) = Z o eimpt eIy (A.49)

where b is the frequency index and 7, = 7,7} is the normalized delay of the
pth path which satisfies
0 < 7p < Tmax (A.50)

where 7., is the maximum normalized delay. Based on the knowledge of
the symmetrical Doppler bandwidth and asymmetrical delay bandwidth, the
doubly selective channel can be expanded using the 2D-DPSS.

Basis Expansion

Analogous to the 1D DPSS, the 2D-DPSS bandlimited to [—Vmax, Vmax] and
[0, Pmax and concentrated on intervals [0, L —1] and [0, Q)] are the eigenvectors
of

L2197 gin 27r1/max m — £)) sin(27mNmax (b — v

(b —v)

m=0 b=0 -0
for k € [0,1,---,(L—1)(Q—1)]. Denoting ¥, = [¥[0, 0], Ux[1,0], -, U[L—
1,0], Uu[0, 1], Wp[1, 1], -+, Up[L — 1, 1], , Uu[L — 1,Q — 1]], (A.51) can be
compactly written as

EV¥, =\, (A.52)

where

E=C®D (A.53)
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where ® denotes the Kronecker product. Matrices C and D are defined as

sin(27mVax (kK — 1))
m(k — )

[Clis = ko(e0,1,-,L—1] (A.54)

and
_ sin(27Nmax (K — D))
[Dles = m(k —b)

respectively. Note that the eigenvalue problem in (A.52) can be written as

kbel0,1,,Q—1] (A.55)

(CoD)(¥! @ ¥l) = (AL @ AL)(¥ @ ®i) (A.56)

where W} and A, are the eigenvectors and eigenvalues of C, respectively. The

eigenvectors and eigenvalues of D are contained in \Ili and X;, respectively.

Channel Prediction

Similar to the narrowband case, the known channel is expanded in terms of

the Slepian basis, thus

it =3 whltg (A.57)

for ¢ =0,1,---,L—1and ¢ = 0,1,---,Q — 1. Here, the model order P’

satisfies the constraint
[2Vmaxmax LQ| +1 < PP < (L —1)(Q — 1) (A.58)

To allow for the estimation of the weights, let us now put (A.57) into the

matrix formula

g ="y (A.59)

where
g: [Q[0,0},ﬁ[l,O], 7@[[1_170]7@[071]7 7.@[[1_171]7 7§[L_1aQ_1]]7
(A.60)
Y= [70771772;"' 7/YP’—1] (A61)
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and
wolo] e W, [0] welo] oo W [0]
_ ‘I’B:[l] ‘I’tp/:l[l] o %[1] e W 1]
UolL—=1] -+ W [L—1] WlQ—1] -+ W ,[Q—1]
(A.62)

The weights v can now be estimated from (A.44), thus
4 =Ulg (A.63)

A.5 Simulation and Results

In this section we evaluate the prediction performance of the DPSS based
method and compare this with the application of the 1D ESPRIT based
approach of [24]. We consider a 2 x 2 MIMO channel with P = 10 paths
and a mobile velocity, v = 50 kmp/h. The AOA and AOD are drawn from
a uniform distribution as 6,, ¢, ~ U[0,27) and the complex amplitudes are
generated as a,, ~ CN(0,1).

Fig. A.4, we present the NMSE versus prediction horizon at SNR= {10,20} dB
and a sampling interval of 200ms. We observe that while both methods show
similar performance over the training segment, the DPSS performs poorly in
the prediction segment. A similar observation is made in Fig. A.5, where we
plot the CDF of NSE at a prediction interval of 1A. In Fig. A.6, we show
the NMSE as a function of prediction horizon with a sampling interval of
Teamp = 20ps. It shows that the ESPRIT based scheme still performs better.
However, the performance difference in the prediction segment is negligible
when compared to Fig. A.4. This shows that increasing the sampling rate
improves the performance of the DPSS based method. The corresponding
CDF is shown in Fig. A.7. It shows that the performance of both schemes
are closer at lower SNR than higher SNR. We saw an NMSE difference of
about 7dB at SNR = 30dB, 4dB at SNR = 20dB and < 0.5dB at SNR
= 20dB.
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A.6 Summary

This chapter presented a summary of our investigations on the prediction of
MIMO channels using bandlimited extrapolation techniques. We presented
a method for solving 2D PSWF using the sampling theorem. Methods for
predicting narrowband and wideband channels are also developed using the
DPSS and comparison was made with parametric prediction using 1D ES-

PRIT based schemes.
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Proof of Performance Bound

Expressions

B.1 Derivatives for the FIM in Narrowband

Error Bound

HIS section presents the derivatives of the observation vector h required

for evaluating the error bound in Section 8.1.1.
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B.1. DERIVATIVES FOR THE FIM IN NARROWBAND ERROR BOUND

B.1.1 Derivative with Respect to fi(a)

oh (A, oA oAy

0R(ay,) N 0R(ap)

- (AToAtoAd)g—a

Qp

= (A, 0 A 0 AYIlp
(B.1)

where Il is a P x 1 vector having a 1 as the pth element and all other

elements zero. (B.1) can further be simplified to

oh
Ay — Al O 1AL, © (AL,
=[A, oA oA,
= Ak (B.2)

where [B].,, denotes the pth column of B. Using (B.2), the derivative with
respect to R(a) is

oh [ oh oh oh
OMMR(a)  |0%(a1) 0R(as)  OR(Bp)

=[[Al: -+ [AlLp]

- A (B.3)

B.1.2 Derivative with Respect to J(«)

Jh 15/e"
= (A, oA, oA
F3(ay) — Ao A Mg
= ](AT OAtOAd)Hp
_ A (B.4)
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B.1.3 Derivative with Respect to pu'

h
4 — <8A: <>At<>Ad) a
o, O
I[A],
- (Mol 0 Ad,) o (B.5)
p
Using (B.6), we obtain
oh [6h oh 8h}
op [oph  Ops Opip
IlA,].
- |:< [alu,li] = & [At]:,l ® [Ad]:,l) ﬁl
8[A7‘]: P
: Ayl Ayl
< i, ® [Ay.p @ [Adl.p | ap
— (D, 0 A;0A,)X (B.6)
where
D. — |:8[Ar]:,1 a[Ar]:,Q o a[Ar}:,P:| (B?)
o Opts Oplp
For the ULA, D, can be found using (4.26) to be
[ 0 . 0 ]
jeivi e jelvp
D, = 2jel1 e 2jel?vp (B.8)
FIN = 1)edM=Dvi oo (M —1)edN=Dvp
Equation (B.8) can be expressed in terms of A, as
00 - 0
01 --- 0
00 - (M—1)

X is a diagonal matrix with the complex amplitudes a on its diagonal.
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B.1.4 Derivative with Respect to pu'

oh [0h Oh oh
out | opy Oub Optlp
O[A,].
_ [([Ar];,l ® [a,;;’l ® {Ad]ﬂ) a
I[A,].
<[AT]:,P ® [a,ut%;P X [Ad]:,P) OCP:|
= (A, oD; 0 AyX (B.10)

where Dy is defined similar to D;.

B.1.5 Derivative with Respect to v

Mmoo
ov Oov,  Ovy ovp
[(wreinsao B
(A).p ® [Ad.p) ap ® 3[;”]
= (A, oA 0DyX (B.11)

where Dy is defined similar to (B.8).

B.2 Evaluation of FIM and Error Bound

The simplified expression for the FIM and the prediction error bound are
obtained using the derivatives in Appendix B.1. Using (8.25) and (8.26), the
matrix J in (8.27) is given by

oh ™ oh

I=1o

56 56 (B.12)
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where

Jdh [ 0h oh oh Oh Oh
00  |0R(a) 9J(a) Opr Out Ov
=[A jA (D,oA;0A)X (A,oD,0A)X
(A, o A;0Dy)X] (B.13)

With PPy given in (8.19)—(50), (B.13) can be simplified to

oh
aT{) :P1<>P2<>P3<>P4 (B]_4)

and thus (B.12) becomes
J=(P10Py0P30P,)(P,oPy0P50P)) (B.15)

Using the properties of the Khatri-Rao and Hadamard products, (B.15) re-
duces to the form given in (8.26).

B.3 Derivatives for the FIM for Wideband Er-

ror Bound

The derivatives of the covariance matrix and observation vector h required

for evaluating the FIM expression as given in (8.40) are given in this section.

B.3.1 Derivative with Respect o

Based on the independent Gaussian noise assumption, the derivative of the

covariance matrix C = ¢2I is thus

oC
Jo?
On substituting (B.16) into (8.12), the entry of the FIM dependent on noise

variance is obtained as

=1 (B.16)

oC _,0C] PKNM
-1~ -1 o
Tr {c 7€ 89} = (B.17)
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B.3.2 Derivative with Respect to fi(a)

oh (A, oA 0 A0 Af)

ONR(ap) OR(a)
— (A, o A, oAdoAf)g—a

Qp

=(A, 0A oA ;0 AL,
(B.18)

Equation (B.1) can further be simplified to

oh
OR(ap)

= [Ar]s,p ® [At]:,p ® [Ad]:,p ® [Af]:m

=[A, 0 A oA 0 AY],
=[A]., (B.19)

Using (B.19), the derivative with respect to R(a) is

oh oh oh oh

OR(a)  |0R(a1) OR(as)  OR(ap)
= [[A]:,l T [A]:,P]
A (B.20)

B.3.3 Derivative with Respect to J(«)

Jh Jo
= (A, 0A, 0A;0 A
Fa(ay) — Ao Ao A Ay

)11

P

=j(A, 0 A0 A 0 Ay
= jA (B.21)
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B.3.4 Derivative with Respect to p'

oh 0A.,
o = (G,u; <>At<>Ad<>Af) «
OlA,].
- (el oAl 0 Al 0 ©B2)
P
Using (B.22), we obtain
oh {6h oh a_h}
our  [oph  Ops Opp
OlA,].
- (%55 e lada s Ada e Al ) o
Hy
OlA,].
[ } L [Adl.p®[Agl.p ®[Afl.p | ap
Oplp
=D,0A0A;0A)X (B.23)
where oA OA d[A
D, = { [ ]1 [ ]2 Ll }P} (B.24)
ol Oy Opip
which can be expressed in terms of A, as
00 --- 0
01 .- 0
D=j|. . A (B.25)
00 - (M-1)
B.3.5 Derivative with Respect to u'
oh  [0h Oh Oh
ot [Out  Opb Oplp
O[A,].
= [{[A].1® [ tt]”l ® [Adla @ [Af]1 ) aa
ops
O[A,].
([AT];,p ® [(9 tg"P ® [Ag].p® [Af]:,P) ozp}
Hp
= (A, 0oDioA 0 Ap)X (B.26)
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B.3.6 Derivative with Respect to v

oh_[oh b om
ov N 8V1 8y2 81/]3
O[A4].
~|(adae Ao D5 e A )
n
O[A4].
([A].p @ [Ay.p) ap ® [8 dl.p ® [Af]:,P]
vVp
=(A,0A;0Dy0AX (B.27)

B.3.7 Derivative with Respect to i

Following a procedure similar to those presented above, the derivative of h

with respect to 7 can be shown to be

h
g—n =(A, 0A0A;0Dp)X (B.28)

B.4 Evaluation of FIM and Error Bound

Once the derivatives of the channel observation h and the covariance matrix
have been obtained, the expression for the FIM and the prediction error
bound are obtained by substituting the derivatives in Appendix B.3. Using
(8.25) and (8.100), the matrix J in (8.51) is obtained as

J=os — (B.29)

where

oh [ 0Oh oh oh oOh Oh 0h
00 |0R(a) 9I(a) Owr Out Ov On
= [A ]A (DTOAtOAdOAf)X (ATODtOAdOAd)X
(AroAioDgoAX (A, 0A0A;0Df)X] (B.30)
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With P,-Pj5 as given in (8.41)-(8.45), (B.30) can be simplified to

oh
a—@:]?1<>:|?2<>:P3<>:P4<>:P5 (B31)

and (B.29) becomes

J=(PoPy0P30P 0 P5) (P oPy0oP30P,0P;) (B.32)

B.5 Equivalence of Wideband Error Bound with
and without Noise Variance in Parameter

set

Consider the parametric prediction assumption upon which the derivation
of the bound is based where the channel parameters are estimated from
the noisy estimates (H(p,q)) and the parameter estimates used for the ex-
trapolation. The predicted sample can therefore be denoted as ICI(p, q) =
f(0,0,7,v,p,q) independent of the estimate of o2. We will now show that
including o2 in © does not change the expression for the bound.

Consider the parameter set in (8.102) with o2 included

O = [0'2 01 02 e gz} (B33)

Using Bangs formula as given in (8.12), the FIM can be expressed as

coy [ o
o[ 0 -

where the first element of (B.34) have been obtained from the first term of
(8.12) with C = 02T and J(O) is given in (8.115). Now using the vector
form of the CRB for functions of parameters, the mean square error bound

(MSEB) becomes

H

N M 7 7

n=1 m=1
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where ﬁ(n, m, p,q) denotes the estimated, interpolated or predicted channel.
Since the channel reconstruction does not utilize the estimate of the noise

variance, the partial derivative in (B.37) can be expressed as

Oh(n,m,p,q) | 0h(n,m,p,q) Oh(n,m,p, q)]

00 do? 00
[ Oh(n,m.p,q)
= |p LTED B.
0 S (B.36)
Substituting (B.34) and (B.36) into (B.37) yields
N M .7 - H
Oh(n, m,p,q) Oh(n, m,p,q)
MSEB = _ _ B.
SEB(p, ) ;mz_l e O ——g (B.37)

which is the same as the expression in (8.119) (for the case without o2 in the

parameter set).

B.6 Simplifications for Narrowband Asymptotic
FIM

Consider the expression for the FIM in (8.89) and assume that K, N, and/or
M are large such that

i i h ~ KNME[h] (B.38)
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Using (8.89) and (8.90)-(8.94), the diagonal entries of the FIM are obtained

as

306, =

306, = 20

300,55 = ANV = ;ifN — 1], |?
300,y = MM ;ZEQM — 1)]a, |
30,y = AL VO Ao,

(B.39)

(B.40)
(B.41)
(B.42)

(B.43)

Following a similar approach, the off-diagonal entries can be shown to be

[3(0,)]35 =

[3(0,)]a5 =

10,1 =0
1(6,)]51 — MKN(]\;; )3 ()
101 — VMO 1300
1(6,)]5: — ]\UWK'(KVU—2 1)AT(ay,)
(16, = MENY 10,
1(6,)]1 — NKM(MU; DR(ayp)
1(6,)]52 — NMK(K ;QI)A%(QP)
o)) = VMK —21;§M — 1o, ?
R
0, oo = - VIO DK 1)Aay?
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B.7 Simplifications for Wideband Asymptotic
FIM

Consider the expression for the FIM in (8.89) and assume that @, K, N,
and/or M are large such that

> > h~QPNME[H (B.54)

as

_ 2KONM

S = = E[1]

. 20KNM

[Jl22 = = E[1]
2 Q-1K-1 N M

RIEES = Z Z(n - 1)2’0@\2)

q=0 k=0 n=1 m=1

9 Q-1K-1 N M

Sl = = Y (m- 1)2|%|2)
o q=0 k=0 n=1 m=1
2 Q-1K-1 N M

Blss=5 (D). Z(kUt)g\OépF)
g q=0 k=0 n=1 m=1
9 Q-1K-1 N M

[Sles = — > Z(qu)2|04p|2>

(B.55)
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Using (B.38) in (B.55) yields

[ =
_ 2QKNM

Using the identity

2QKNM

o2

= = | MEQ(

= = [ NEQ(

= = [ VMoo

M= iM=

o2

3
Il
_

> 3
DL

q[O [\3
I

[y

T

Q
Il
=)

L, AA+1)(24+1
S = (A+1)( )

a

6

=1

equations (B.56) becomes

MKQN(N —1)(2N — 1)E[|%|2]>

2

o2
2
o2

2

o2
2

o2

(
(
(
(

6
NKQM(M —1)(2M — 1)E
6
NMQK(K —1)(2K — 1)U3E
6
NMEQ(Q-1)(2Q - NUF
6

[

(n — 1)*)E[ay |*

)

(m — 1)2)E[|apl2]>
(kUt)Q)E[Iap!2]>

= = | NMK( (qu)Q)E[l%|2]>

(5)

()
o)

(B.56)

(B.57)

(B.58)

(B.59)

(B.60)

(B.61)

(B.62)

(B.63)
(B.64)
(B.65)

(B.66)

We now use our assumption that the complex amplitude is a;, ~ CN (0, 1),

such that

(B.67)
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and apply (B.67) in (B.63) to obtain

T = 2 <MKQN(N —1)(2N — 1))

Tt = 03 <NKQM(M6 1)(2M — 1))

Ts = 03 (NMQK(K E 1)(2K — 1)U3>
¥ g2 6

Bes = % <

NMEQ(Q —1)(2Q — VU

o)

(B.68)

Since N, M, (Q, K > 1, the approximations A — 1~ A and 2A — 1 ~ 2A can

be used to simplify (B.68) to

[3]s3

Z

NMKQ

w

2N2)
)

3

s,
NMKQ (QM
(

NMKQ 2K U2)

_ NMKQ (2@2Uf )

- (B.69)

3

g

The off-diagonal entries of the FIM are obtained following the same proce-

dure.
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System Level Performance

Evaluation

THIS section outlines our preliminary results and ongoing research on the
effects of outdated CSI and gains of using our prediction methods in

multiuser MIMO systems.

C.1 System Model

We consider the downlink of a multiuser MIMO system as illustrated in
Fig. C.1. We assume that the BS has an N-element ULA and that there
are Z users each with M, > 1 antenna elements. Denoting the transmitted
signal and precoding matrix for the zth user as s, and W, respectively, the

received signal at the zth user can be expressed as

z
r,=H,W.s, + Z H.W;s;, +n, (C.1)
i=1,i#z
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Figure C.1: Block diagram of a multiuser Mobile MIMO System.

where n, is the zero mean Gaussian distributed receive noise vector at the
2th receiver. n, is assumed to have a variance o? per antenna. We as-
sume an FDD transmission where the CSI is estimated at each of the mobile
stations and fed back to the BS via a dedicated feedback link as shown in
Fig. C.1. Assuming that the CSI is known perfectly at the BS, the Signal-
to-Interference-plus-Noise Ratio (SINR) at the zth user is given by [161]

[ H W |

SINR, = —— " .
Moo + 3 i iz |[H-Wi|

(C.2)

and the corresponding rate is
R, =log,(1 + SINR,) (C.3)

The capacity /sum rate of the multiuser system is thus

R= EZ: R. (C.4)
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In reality the CSI at the transmitter have some imperfections resulting from
receiver mobility, channel estimation and quantization. Our aim in this work
is to investigate the effect of using delayed CSI on the performance of lin-
ear precoding schemes and evaluate the performance gains from using our

prediction schemes. In Fig. C.2, we illustrate the effect of feedback delay

25
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Figure C.2: Mean Sum Rate versus SNR for different mobile velocity with
perfect and delayed CSI.

on the performance of ZF [78] and SLNR [161] transmit beamformers. We
plot the sum rate CDFs at SNR= 30dB for a multiuser MISO system with
four users and four transmit antennas at different feedback delay values. We
observe that the performance of the two precoding methods degrades even

for delay values as low as 1ms. The figures also shows that for some delay
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value, the performance degradation increases with increased mobile velocity.
For instance, with a feedback delay of 1 ms, the mean sum rate decreased by
approximately 1b/s/Hz and 15b/s/Hz at mobile velocity values of 5kmph
and 50 kmph, respectively.

C.2 Performance of Transmit Beamforming with
Predicted CSIT

In this proposed study, we will study the performance gains of using our pre-
diction methods with precoded multiuser MISO and MIMO systems. Since
the mobile terminals has only a single antenna in the MISO systems, we
will utilize only the MSSM and RSSM based methods to predict the CSI.
However, all methods will be applied to the MIMO systems.
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