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ABSTRACT

Wireless communication systems targeting at broadband and mobile transmissions
commonly face the challenge of fading channels that are both time and frequency
selective. Therefore, design of effective equalization and estimation algorithms for
such channels becomes a fundamental problem. Although multi-carrier transmissions
demonstrate prominent potential to combat doubly selective fading, several factors
may retard their applications, such as: high peak-to-average power ratio, sensitivity
to phase noise, etc. Meanwhile, single-carrier transmission is a conventional approach
and has important applications, such as HDTV broadcasting, underwater acoustic
communication. In this dissertation, we focus on receiver design for single-carrier
transmissions. Our goal is to design and develop a group of channel estimation
and equalization algorithms in the frequency-domain, which enable high performance
and low complexity reception of single-carrier transmissions through doubly selective
channels.

For single-carrier transmissions over moderately fast fading channels with long-
delay spread, we present an improved iterative frequency-domain equalization (IFDE)
algorithm based on soft-interference-cancellation (SIC) and propose a novel adaptive
frequency-domain channel estimation (AFDCE) based on soft-input Kalman filter,
where soft information feedback from the IFDE can be exploited in the channel
estimator. Simulation results show that, compared to other existing schemes, the
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proposed scheme offers lower MSE in channel prediction, lower BER after decoding,
and robustness to non-stationary channels.

We extend the IFDE/AFDCE scheme to accommodate the application of dig-
ital television (DTV) signal reception. Compared with the traditional joint deci-
sion feedback equalization (DFE) /decoding plus frequency-domain least-mean-square
(FDLMS) channel estimation approach, the proposed scheme achieves better perfor-
mance at a fraction of the implementation cost.

For very fast fading large-delay-spread channels, traditional FDE methods fail,
because channel variation within a FFT block induces significant off-main-diagonal
coefficients in the frequency domain. To conquer the problem, we apply Doppler
channel shortening to shape the energy distribution of those coefficients and derive a
pilot-aided MMSE estimator to estimate them for SIC. We also propose a novel IFDE
by leveraging both the sparse structure of shortened channel and finite-alphabet prop-
erty of transmitted symbols. Numerical results show that the proposed scheme has
advantages over the well-known FIR-MMSE-DFE/RLS-CE scheme in both perfor-

mance and complexity.
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CHAPTER 1

INTRODUCTION

1.1 Motivation

In mobile wireless and digital television (DTV) transmission, time-varying multi-
path phenomenon is generally induced by the randomly changing propagation charac-
teristics as well as the reflection, diffraction and scattering of the transmitted signals
from the buildings, large moving vehicles, mountains, etc. Such phenomenon distorts
received signals and poses critical challenges in the design of communication systems
for high-rate and high-mobility wireless communication applications. High rate in-
formation symbols, after transmitting through multipath channel, often spread into
neighboring symbol periods, and cause serious inter-symbol interference (ISI) at the
receiver side. In addition, relative mobility between the transmitter and receiver lead-
ing to fast channel variations, along with oscillator drifts and phase noise, gives rise
to time selectivity. The combined time-frequency selectivity induces Doppler-delay
spreading, which significantly affects communication system performance. Therefore,
the design of effective equalization and estimation algorithms for such channels be-

comes a fundamental problem of communication systems.



In order to implement commercially competitive communication systems, low-
complexity and low-cost systems are highly desirable. Among various proposed can-
didates for the new system design, the diversity reception with multiple transmitter
and receiver antennas [3,4] and the multi-carrier transmission [5] combined with ad-
vanced signal processing algorithms to estimate and equalize the dynamic channels
are considered to be the most promising. However, the introduction of multiple an-
tennas demands dedicated amplifiers in all configurations. Multi-carrier transmission
exhibits very high peak-to-average-power ratio (PAPR) and utilizes a combination of
highly linear power amplifiers, amplitude clipping and amplifier backoff to mitigate
the problem [6]. Since a big portion of the cost of terminals in communication sys-
tems is due to the transmitter power amplifier, single-carrier (SC) modulation system
is a favorable alternative for commercial success. In addition, in some applications
such as HDTV transmission, the transmitter is standardized to adopt SC modulation,
which also motivates the receiver design for SC transmission systems.

This dissertation considers receiver design for effective and efficient reception of
single-carrier transmission through time-varying multipath channels. Our goal is to
design and develop a group of channel estimation and equalization algorithms in the
frequency domain, which enable high performance reception of SC transmission with

low computational complexity.



1.2 Background

1.2.1 Doubly Selective Channels

Wireless communications operate through electromagnetic radiation from the trans-
mitter to the receiver. The communication medium, commonly referred as the chan-
nel, usually distorts the signal based on its propagation characteristics. Two impor-
tant factors which characterize the distortion effects of the channel are multipath
fading and Doppler effect. Multipath fading is the phenomenon in which the trans-
mitted signal arrives at the receiver via multiple propagation paths at different delays
due to reflection, diffraction and scattering of the radio waves. It results in a wide
variation of the received signal strength, since the multiple signals arriving at the
receiver may add up constructively or destructively. The Doppler effect, named af-
ter Christian Doppler, is the change in frequency and wavelength of a wave that is
perceived by an observer moving relative to the source of the waves [7]. In mobile
wireless communication scenario, Doppler effect is attributed to the relative move-
ment of the surrounding objects as well as the transmitter and receiver. It leads to
fast phase oscillation of the received signals on multiple paths, thus accelerates the
time variation of the channel distortion.

Future wireless communication services featuring high-data-rate and high-mobility
can aggravate the multipath and Doppler effect. In digital communication systems,
for most of the channels, the discrete information bearing symbols are modulated with
a continuous pulse shape and transmitted across the channel [8]. In most cases, the
pulse shapes are localized in time and frequency so that transmission of each symbol
consumes a small tile in the time-frequency plane. For high data rate transmission,

the duration of the pulse becomes small and comparable to the multipath delay, thus
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ISI occurs and the channel distortion is called frequency-selective. In high-mobility
scenarios, the channel response varies significantly in the signaling duration due to
Doppler effect, thus the channel distortion becomes time-selective within a single
processing block. Channels whose response are both time and frequency selective are
commonly referred as doubly-selective channels.

Theoretically, the doubly selective channel can be modeled as a linear time-varying
system [9]. When the surrounding objects are stationary, the input and output rela-
tionship between transmitter and receiver can be represented as a linear time-invariant

system with the impulse response

Ny

o(r) =) _ad(t — ), (1.1)

(=1

where ¢, and 7, are the attenuation and propagation delay of the /-th path respec-
tively. This model is widely adopted for description of multipath frequency-selective
channel. When there is relative movement between the surrounding objects including
transmitter and receiver, the attenuation and delay of the /-th path vary with time.

Therefore the impulse response of the channel becomes

Ny

c(t,7) =Y a(t)d(r - ml(t)). (1.2)

(=1

This is the continuous time model for a doubly selective channel.
Doppler spread and delay spread are two important quantities that measure the

time selectivity and frequency selectivity of the channel respectively. The Doppler

shift of the ¢-th path is defined as fcdzy), where f. is the carrier frequency. The

Doppler spread f; is defined as the largest difference between the Doppler shift of all

paths.

fa = max f, (1.3)

Z?]

dTZ(t> . de(t)'
dt dt
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Larger f; implies that the channel varies more rapidly in time. The delay spread (or
multipath spread) is defined as the difference in the propagation time between the

longest and shortest path. Thus,
Ty := max |7(t) — 75(t)] (1.4)
Z?]

When Ty is larger, the multipath effect is more evident.

1.2.2 System Model

Sn

= aw : et ) H@* (=) [ Equalizer |———

| h

) Channel
Estimator

Figure 1.1: Base band transmission system model.

The continuous time transmission system model is depicted in Fig. 1.1, where the
information signal is first modulated by a pulse shaping filter (PSF) a(t) and then
transmitted through time-varying frequency-selective channel c(¢, 7), the received sig-
nal is distorted by AWGN noise pu(t) and then passes through matched PSF a*(t).
The base-band transmitted symbol sequence and modulated signal waveform of data

rate 1/7 symbols/sec depicted in Fig. 1.1 are given by

sr(t) =Y sib(t — kT), (1.5)
k
s(t) = sp(t) x a(t) = Y _ spalt — kT), (1.6)

where {s;} are the transmitted symbols.



To include the transmitter PSF a(t) and receiver PSF a*(—t), the composite

channel impulse response can be defined as

h(t,7) = a(r) *xc(t,7) * a*(—7) = c(t, 7) * b(7) (1.7)
= c(t)b(r — 7(t)), (1.8)

where b(1) = a(7) * a*(—7). As implied by (1.3), when f; < f., we can assume

7¢(t) = 7, for a long time period (approximately proportional to where f; is the

2f f ’
sampling frequency). In this case, we can rewrite (1.8) as
Ny
h(t,7) =) al(t)b(r — 7). (1.9)
=1

In general, the received signal () is defined as

r(t) = h(t,7)*sp(t) +v(t) = /Z co(t)b(T — T4(1)) Z sp0(t — 7 — KT)d71 + v(t)
=1 k
(1.10)

:Zski@ Jo(t — KT = 7(t)) + (1), (1.11)
k (=1

where v(t) = u(t) x a*(—t) and u(t) is the AWGN noise. Sampling r(t) with period

T, we obtain

=> s Z (nT)b(nT — kT — 74(nT)) + v(nT) (1.12)
= Sl Z co(nT)o(IT — 74(nT)) + v(nT) (1.13)

Define 7, = r(nT'), v, = v(nT') and h,; = Zé\[z‘l co(nT)o(IT — 74(nT)), then discrete

time system model is given by:

L
rp = Z Sp—iPni + Un, (1.14)



where we assume h,,; has finite support [0 L]. Generally, the PSF is assumed to be a
Nyquist filter of bandwidth f,, therefore {v,} can be treated as AWGN noise. While
for North America terrestrial digital TV transmission, the PSF is a root raised cosine
filter of bandwidth f,/2, therefore {v,} is a colored noise. However in this thesis we
would still treat it as AWGN similar as in [10,11], and extension to the colored noise

case can be done with a little bit more efforts.
1.2.3 Channel Equalization

In this section, we give a brief retrospection on channel equalization schemes.
First, we consider channel equalization schemes for moderately fast-fading channels,
where the channel can be viewed as static within one processing block and varying
across blocks, then we move on to discuss channel equalization algorithms for vary
fast-fading channels, where the channel’s time-variation within a single block can not
be ignored.

In traditional low-mobility communication applications, the dominant factors which
degrade the performance of communication systems are the multipath fading and
noise. A conventional anti-multipath approach, which was pioneered in voiceband
telephone modems, is to transmit a single carrier modulated by data symbols and a
time-domain equalizer is applied at the receiver to compensate for ISI [12]. Various
equalization methods, ranging from optimal approaches such as maximum a posteriori
probability (MAP) symbol detection, maximum-likelihood (ML) sequence detection
to suboptimal linear equalization such as zero-forcing (ZF), minimum mean square
error (MMSE) symbol estimation, and nonlinear minimum mean square error decision

feedback equalization (MMSE-DFE) have been proposed and researched in various



ways of trading of complexity for performance. However for severe multipath chan-
nels, which is more evident in wireless high-data-rate transmission, all these single
carrier time-domain equalization (SC-TDE) schemes suffer from heavy computation
complexity due to the long delay spread.

Multi-carrier modulation with frequency-domain equalization (FDE) techniques
are proposed as alternative anti-multipath approaches for such kind of channels, and
orthogonal frequency division multiplexing modulation (OFDM) with FDE system
can be viewed as a successful example. OFDM transmits symbols through a large
number of closely-spaced orthogonal sub-carriers, which is essentially using many
slowly-modulated narrow band signals rather than one rapidly-modulated wide-band
signal [13], therefore it transfers a severe frequency-selective channel into an parallel
array of frequency-flat channels on each sub-carrier. As a favorable result, the channel
equalization is simplified to a channel inversion operation on each sub-carrier, and
the computational complexity of OFDM-FDE is approximately proportional to the
logarithm of delay spread per symbol, which is much lower than the SC-TDE schemes.
However, the transmitted OFDM signal is the sum of a large number of modulated
sub-carriers, so OFDM suffers from high PAPR. This drawback increases the cost of
power amplifiers. In addition, OFDM can be sensitive to carrier frequency offset and
phase noise [6].

Single carrier FDE (SC-FDE) schemes are proposed as a promising alternatives
to solve the high PAPR issue associated with OFDM [1]. SC-FDE transfers the FFT
module from transmitter to receiver, thus avoids the high PAPR, but still inherits
the low complexity advantage attributed to frequency-domain signal processing. In

addition, it has some merits not shared by OFDM system. For example, coding,



while desirable, is not necessary for combating frequency selectivity, as it is in OFDM.
Meanwhile, SC modulation is a well-proven technology in many existing wireless and
wireline applications, and its radio frequency (RF) system linearity requirements are
well known [1]. As shown in table 1.1, SC-FDE scheme possesses attractive features
and especially fits applications with constraints on PAPR and power. Furthermore,
SC-FDE shares a number of common signal processing functions with OFDE-FDE,
thus SC and OFDM modems can easily be configured to coexist. In this dissertation,
we conduct investigation of new equalization schemes to combat the doubly selective

channels in the framework of SC-FDE.

Table 1.1: A Comparison of Anti-multipath Schemes [1].

OFDM | SC-FDE | SC-TDE
Signal PAPR High Low Low
Computational Complexity | Low Low High
Coding Requirement Strict | Flexible | Flexible

With the increasing application/deployment of high-mobility and high-rate wire-
less communication, Doppler spread becomes an important factor in the system de-
sign. When the channel varies significantly within one OFDM symbol duration,
sub-carriers are no longer perfectly orthogonal, severe ICI will degrade system per-
formance substantially. The same dilemma also plagues SC-FDE schemes, since the
resulting frequency-domain (FD) channel matrix is not diagonal any more, there-
fore the simple one-tap equalizer is not viable. Effective equalization for rapid time-

varying frequency-selective channels is a challenging problem. In recent years, various

approaches to suppress ICI for multi-carrier systems are investigated. Choi proposes
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a MMSE successive detection algorithm [14] to cancel ICI, but the computation com-
plexity is too high if the number of subcarrier is large. Assuming that some “small”
ICI coefficients can be directly ignored, several ICI suppression algorithms with lower
complexity are proposed in [15-17]. However, such assumption may not be valid
as shown in [18], where a maximizing signal to noise plus interference ratio (SINR)
window is derived to restrict ICI influence and then an iterative MMSE estimator is
applied to cancel ICI as well as estimate finite-alphabet frequency-domain symbols.
Rugini applies banded LDL factorization [19] to further reduce the complexity of
estimation step in [18]. Besides, some parametric models are adopted to describe the
doubly selective channel, various equalization algorithms based on those models are
explored. Gorokhov [20] uses Taylor series expansion to linearly approximate time-
domain channel variations and achieves low complexity channel equalization based
on the structural property of data model. Barhumi proposes a frequency-domain per-
tone equalizer based on complex exponential basis expansion model (CE-BEM) [21].
Motivated by the low-complexity ICI suppression scheme for OFDM systems in [18],
we studied the FDE with analogous ICI suppression for SC systems and proposed
iterative FDE schemes for both cyclic prefixed (CP) and non-cyclic prefixed (NCP)

SC systems with the desired logarithmic per-symbol processing complexity.
1.2.4 Turbo Equalization

Turbo codes are first introduced by Berrou, Glavieux and Thitimajshima in [22].
They present stunning results that performance near the theoretical limits of shan-

non can be achieved with relatively simple code structure and decoding algorithm.
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The magic comes from the decoding algorithm: iterative exchanging soft information
between two simple constituent codes.

Inspired by the success of turbo decoding, researchers start investigating the ap-
plication of such iterative soft information exchanging algorithms, which is termed
“turbo principle”, to solve other problems. Ever since then, turbo equalization be-
comes an active research direction. The idea of turbo equalization is first introduced
in [23], where a soft-output Viterbi algorithm (SOVA) is applied for soft-in-soft-out
channel equalization and decoding. A soft multi-user interference cancellation algo-
rithm is proposed for code division multiple access (CDMA) system in [24]. Such
idea is applied to turbo equalization in [25-27], and various techniques to reduce
the computational cost required to compute the equalizer coefficients are discussed.
Frequency-domain approaches for MMSE turbo equalization are proposed in [28-30]
and [31] for single-input-single-output and multiple-input-multiple-output systems,
respectively.

The key philosophy behind turbo equalization is to incorporate “soft information”
into the equalization and decoding tasks. Traditionally, the equalizer estimates the
symbols, makes a hard decision, and then feeds them to a decoder. This approach
actually destroys information pertaining to how likely each of the possible data sym-
bols might have be. However, this additional “soft” information can be converted
into probabilities that a optimal decoding algorithm (such as BCJR algorithm [32])
can exploit for better performance.

Another key characteristic of turbo equalization is its iterative treatment. In turbo
equalization, once the decoder processes the soft information it can, in turn, generate

its own soft information indicating the relative likelihood of each transmitted bit. This
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soft information from the decoder is fed back to the equalizer to aid symbol estimation.
This process is often termed “belief propagation”or “message passing” [33,34] and has
connections to methods in artificial intelligence, statistical inference, and graphical
learning theory.

A closely related research topic with Turbo equalization is iterative channel esti-
mation. For coherent detection (detecting transmitted symbols from received signal
using an estimated channel impulse response (CIR)), channel estimator plays an im-
portant role. A number of researches consider exploiting the soft output information
of turbo equalizer to improve the accuracy of channel estimation. Iterative CIR esti-
mators based on least mean square (LMS), recursive least square (RLS) and Kalman
filter are proposed in [35] and [36] respectively, which take soft information of data
symbol estimates from equalizer as input and update filter coefficients accordingly.
Application of iterative detection and channel estimation techniques in global sys-
tems for mobile communications (GSM) and enhanced data rates for global evolution
(EDGE) shows a significant performance enhancement in [37]. In this dissertation, we
also consider fitting soft input channel estimation into the turbo equalization frame-
work, giving a receiver with iterative channel estimation, equalization, and decoding.

The most relevant references to our work are [25, 28,29, 36].

1.2.5 Channel Estimation

Channel estimation (CE) for doubly selective channel is a challenging and interest-
ing problem. Generally speaking, CE schemes can be divided into two big families,
one is training based CE (TB-CE) or decision directed CE (DD-CE) schemes, the

other is blind CE schemes. For doubly selective channel, TB-CE and DD-CE are
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more common, which can be roughly categorized into three classes: finite paramet-
ric model based CE schemes, statistical model based CE schemes and adaptive CE
schemes.

Finite parametric model based CE schemes assume that the time variation of
each independent channel coefficient can be captured by a linear combination of
limited number of basis functions, thus CIR over a time interval can be attained by
estimating those basis expansion parameters. Such models are commonly adopted
for estimating very fast fading channels over a block duration. Various CE schemes
have been researched for difference parametric models. Kalman filter, MMSE and LS
channel estimator based on basis expansion model (BEM), Slepian basis, kernels for
Rayleigh fading are investigated in [38-42]. A Taylor expansion based channel model
is proposed in [43] to facilitate the design of ICI cancellation filter.

Statistical model based CE schemes assume the second-order statistics informa-
tion of the channel is either known or available through estimation, thus CIR can
be obtained by exploiting the correlation between received signal and priori known
pilot symbols/ detected symbols. For very fast fading channels, pilot-aided channel
estimation for multicarrier modulation are investigated in [44, 45]. For moderately
fast fading channels, various frequency-domain channel estimation (FDCE) schemes
have been proposed to track and predict wireless channels for OFDM systems, with
or without pilot symbols, and with or without knowledge of channel statistics [46-48].
For SC systems, time-domain channel estimation is the typical approach [30, 36, 49],
though a few pilot-aided FDCE schemes have been proposed [50-52]. A survey about

linear channel estimation for systems with multiple antennas is presented in [53].
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Adaptive CE schemes apply an adaptive filter to track channel variation in time,
while both pilot symbols and detected data symbols can be used to update the filter
coefficients. For rapid time-varying channels, adaptive filters are adopted to estimate
the model parameters with low computational complexity for a BEM and polynomial
basis in [54] and [55] respectively. Iterative CIR estimators based on LMS and RLS
filter is investigated in [35]. For modest time-varying channels, a frequency-domain
adaptive algorithm is proposed in [56] to track channels for SC transmission systems.

Blind CE schemes are adopted in communication system where training symbols
are not available or not sufficient to initialize channel estimates. Various blind equal-
ization methods have been proposed during the last ten years. These methods include
higher-order statistical approaches [57], constant modulus algorithm (CMA) [58], sub-
space method based on second-order statistics [59], etc. In adaptive CE schemes, blind
CE can serve as initialization step.

In this dissertation, we focus on FDCE algorithms and develop adaptive Kalman
filter based per-tone channel estimator to track and predict channels for SC systems.

the most relevant references with our work are [36, 39, 52].

1.3 Contribution and Outline

In the sequel, we give the dissertation outline and its main contributions.

In Chapter 2, we consider the receiver design for single carrier transmission sys-
tems over moderately fast-fading frequency-selective channels [60,61]. Particularly we
investigate iterative frequency-domain equalization (IFDE) with explicit frequency-

domain channel estimation (FDCE). First, an improved IFDE algorithm is presented
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based on soft iterative interference-cancellation. Second, soft-decision-directed chan-
nel estimation algorithms are derived and analyzed both in time and frequency do-
main. As it turns out, frequency-domain approach is more computational efficient
than time-domain approach. Therefore a new adaptive FDCE (AFDCE) algorithm
based on per-tone Kalman filtering is proposed to track and predict the frequency-
domain channel coefficients. The AFDCE algorithm employs across-tone noise reduc-
tion, exploits temporal correlation between successive blocks, and adaptively updates
the auto-regressive model coefficients, bypassing the need for prior knowledge of chan-
nel statistics. Finally, a block overlapping idea is proposed which facilitates the joint
operation of IFDE and AFDCE. Simulation results show that, compared to other
existing IFDE and adaptive channel estimation schemes, the proposed schemes offer
lower mean-square error (MSE) in channel prediction, lower BER after decoding, and
robustness to non-stationary channels.

In Chapter 3, we consider a frequency-domain turbo equalization and adaptive
frequency-domain channel estimation (FDTE/AFDCE) scheme for the reception of
transmissions that employ trellis coded vestigial sideband (TCVSB) modulation, as
specified by the ATSC North American terrestrial digital television (DTV) stan-
dard [62,63]. The proposed FDTE/AFDCE scheme enables low-cost and high-
performance reception of highly impaired DTV signals. Through numerical simu-
lation, we demonstrate that our FDTE/CE scheme outperforms the traditional joint
DFE/decoding plus frequency-domain least-mean-square (FDLMS) channel estima-

tion approach at a fraction of the implementation cost.
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In Chapter 4, we consider the receiver design for single carrier transmission sys-
tems over very fast fading frequency-selective channels [64-66]. In these quickly vary-
ing large-delay-spread channels, the traditional FDE methods fail when the channel
response varies significantly over the FFT analysis window. Here we propose a novel
FDE that is based on Doppler channel shortening, soft iterative interference cancella-
tion, and block decision feedback. In addition, we derive a MMSE channel estimator
for the pilot-aided estimation of significant channel coefficients in frequency domain,
which are necessary for FDE. Numerical simulations show that the proposed scheme
has advantages over the well-known FIR-MMSE-DFE plus RLS based CE scheme in
both performance and complexity.

Finally in Chapter 5, we offer some concluding remarks and indicate future re-
search possibilities.

To enhance the flow of the dissertation, we collect all detailed derivations in the

appendices of each chapter.

1.4 Notation and Abbreviations

Matrices (column vectors) are denoted by upper (lower) bold face letters. Conju-
gate, transpose, Hermitian transpose, and inverse of A are denoted by A*, AT, A#
and A™!, respectively. The Frobenius norm and I, norm are denoted by || - || and
| - ||, respectively. The expectation, Kronecker delta, Kronecker product, modulo-N
and integer ceiling operations are denoted by E[-], §(+), ®, < - >y, [-], respectively.
The N x N identity matrix and unitary discrete Fourier transform (DFT) matrix are
denoted by Inxn and F iy, 2, for the nth column of I. C(a) denotes the circulant

matrix with first column a, and D(a) is the diagonal matrix with diagonal elements
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a. Re(+) denotes the real part, and diag(A) is the vector formed from the diagonal el-
ements of square matrix A. Finally, CN(u, ¥) denotes the multi-dimensional circular

Gaussian distribution with mean vector pu and covariance matrix 3.
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AWGN
AFDCE
APPLE
AR
ATCR
BER
BPSK
CE
CIR
CMA
CP
CPR
CSI
CWGN
DFE
DTV
FDCE
FDE
FDLMS
FDTE
FFT
FIR
IBI
ICI
IFDE
iid.
IS
LMS
LS
MAP
MF
ML
MMSE
MMSE-DFE
MSE
OFDM
PAPR
QPSK
RLS
SC
SCCP

Table 1.2: Abbreviations

Additive White Gaussian Noise
Adaptive Frequency-Domain Channel Estimation
Approximate Linear Estimation
Auto-regressive

Across Tone Channel Refinement

Bit Error Rate

Binary PSK (2-PSK)

Channel Estimation

Channel Impulse Response

Constant Modulus Algorithm

Cyclic Prefix

Cyclic Prefix Reconstruction

Channel State Information

Circular White Gaussian Noise
Decision Feedback Equalizer

Digital Television

Frequency-Domain Channel Estimation
Frequency-Domain Equalization
Frequency-Domain Least Mean Square
Frequency-Domain Turbo Equalization
Fast Fourier Transform

Finite Impulse Response

Interblock Interference

InterCarrier Interference

Iterative Frequency-Domain Equalization
independent and identically distributed
InterSymbol Interference

Least Mean Square

Least Square

Maximum a Posterior

Match filter

Maximum Likelihood

Minimum Mean Square Error
Minimum Mean Square Error Decision Feedback Equalization
Mean Squared Error

Orthogonal Frequency Division Multiplexing
Peak-to-Average-Power Ratio
Quaternary PSK (4-PSK)

Recursive Least Squares

Single Carrier

Single Carrier Cyclic Prefix
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SC-FDE
SC-TDE
SDD-CE
SDD-TDCE
SDD-FDCE
SER

SISO

SNR

TE

TCVSB
VSB
WSSUS

ZF

Single Carrier Frequency-Domain Equalization

Single Carrier Time-Domain Equalization
Soft-Decision-Directed Channel Estimation
Soft-Decision-Directed Time-Domain Channel Estimation
Soft-Decision-Directed Frequency-Domain Channel Estimation
Symbol Error Rate

Single Input Single Output

Signal to Noise Ratio

Turbo Equalization

Trellis Coded Vestigial Side-band

Vestigial side-band

Wide-Sense-Stationary uncorrelated scattering
Zero-Forcing
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CHAPTER 2

FREQUENCY-DOMAIN EQUALIZATION OF
MODERATELY FAST FADING
FREQUENCY-SELECTIVE CHANNELS

2.1 Introduction

Broadband wireless access systems offering high data-rates are likely to face se-
vere multipath fading, including channel delay spreads spanning tens or hundreds
of symbol intervals. While orthogonal frequency division multiplexing (OFDM) is
a popular means of combating these multipath effects, its drawbacks include high
PAPR and high sensitivity to carrier-frequency offset (CFO). Single carrier (SC)
transmission with FDE presents an alternative to OFDM that retains robustness to
channel delay spread without the disadvantages of high peak-to-average power ratio
(PAPR) and CFO-sensitivity [1]. When FDE is accomplished via turbo equaliza-
tion (TE) [23,27], an iterative reception scheme whereby the equalizer and decoder
iteratively exchange soft information to jointly exploit channel structure and code
structure, significant performance gains result with only modest increase in demodu-
lator complexity [28,29,62]. Hence, the focus of this chapter is SC transmission with

turbo FDE.
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When targeting practical implementation, accurate and efficient channel estima-
tion (CE) is critical. For OFDM systems, various frequency-domain channel esti-
mation (FDCE) schemes have been proposed to track and predict either slow-fading
or fast-fading wireless channels, with or without pilot symbols, and with or without
knowledge of channel statistics [39,46,47]. For SC systems, time-domain channel es-
timation is the typical approach [30,36,49], though a few pilot-aided FDCE schemes
have been proposed [50-52]. With the decision-directed time-domain schemes, it has
been observed that performance improvements result from the use of soft decoder
outputs in place of hard symbol estimates [36,49].

In this chapter, we propose a new joint channel-estimation/equalization scheme
for the reception of SC transmissions over wireless channels with moderately fast
fading and long delay spread. First, an improved iterative FDE (IFDE) algorithm is
presented based on a frequency-domain TE idea. Second, soft-decision-directed chan-
nel estimation (SDD-CE) is studied both in time and frequency domain. Though the
time-domain approach is optimal in minimizing the MSE, its heavy computational
complexity prohibit practical applications. Therefore, we focus on frequency-domain
approach, where a new adaptive FDCE (AFDCE) algorithm based on soft-input
Kalman filtering and across-tone noise reduction is proposed to track and predict
the channel in each frequency bin. Our AFDCE algorithm also exploits the tempo-
ral correlation between successive blocks and adaptively updates the channel’s auto-
regressive (AR) model coefficients in case the channel statistics are unknown. Finally,
a block-overlapping scheme is adopted to facilitate the joint operation of IFDE and

AFDCE. Our approach differs from related work in the following ways.
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1. Existing! IFDE algorithms [28,29] are derived in the time domain and approx-
imately translated to the frequency domain using the cyclic property of the
equalizer. In contrast, our IFDE algorithm is derived in the frequency domain

directly.

2. Existing soft-input CE algorithms [36,49] work in the time domain. We focus
on soft-input frequency-domain CE, hoping for low-complexity operation in the

case of long channel delay spread.

3. Existing FDCEs [39, 46, 52| are pilot-aided in nature, even though practical
pilots may be sparse. To better track time-varying channels, we consider (soft)

decision-directed CE.

The chapter is organized as follows. Section 2.2 briefly introduces the communica-
tion system model. Section 2.3 summarizes the receiver architecture and section 2.4
describes the CPR procedure. IFDE and SDD-CE are detailed in sections 2.5 and
section 2.6, respectively. Section 2.7 discusses implementation issues, and section 2.8

presents numerical results. Finally, section 2.9 concludes.

2.2 System Model

Consider coded single-carrier transmission where a bit stream {b,,} is coded and
mapped to symbols {s,} in a finite alphabet S and transmitted over a noisy lin-
ear time-varying multipath wireless channel. For simplicity, we assume {s,} to be
uncorrelated. The complex-baseband channel can be described by the time-varying
length- N, impulse response {hn,l}l]iho_la where h,,; denotes the time-n response to an

!The IFDE we proposed in [62], appropriate for vestigial side-band (VSB) modulation, is a special
case of the IFDE described here.
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impulse applied at time n — [. The complex-valued observations {r,} are then given

by

Ny —1
'n = hn,lsn—l + U, (21>
=0

where {u,} is zero-mean circular white Gaussian noise with variance o2. Note that
(2.1) describes SC transmission without cyclic prefix (CP).

To implement IFDE and AFDCE jointly, we will eventually use overlapped block-
processing with block length N and block shift interval Ny. (A detailed discussion
is postponed until section 2.7.) Furthermore, we assume channel variation is slow
enough to be modeled as time-invariant within a block. Thus, in terms of the block-
based quantities r,,(7) = rin +n, Sn(2) = Siny+n, Un(1) = Uin,4n, and (i) = hiNdJr%’l,

the signal received during the ith block can be expressed as

U (1) + Do (i) Sn—i (i) + ZlNz}?;ll hi(1)scn—i>y(t —1), 0<n <Ny —1,
T () gl

T @)+ Y i) (i), Np—1<n<AN.
=0

(2.2)

Note that {r,(i)}""5? contain inter-block interference (IBI), i.e., symbol contribu-
tions from the previous block. In the sequel, we will make extensive use of the N-

dimensional vectors 7 (i) := [ro(i), ..., rn_1(1)], 8(i) :== [s0(3), ..., sny_1(3)]", u(i) :=

[Uo(i), Ce ,UN_l(i)]T, and h(’l) = [ho(’l), ceey hNh—l('é)a O, tee ,O]T.
2.3 Receiver Structure
The proposed receiver is illustrated in Fig. 2.1 and the corresponding processing

steps are described below (for the ith block). Since steps 1-5 can be repeated several

times for the same block, a superscript j is used to denote the iteration index.
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Figure 2.1: Receiver structure.

1. Perform IBI-cancellation and CP-reconstruction (CPR) on 7 (i) using the meth-

ods of [67,68].

2. With the aid of FFTs, perform frequency-domain MMSE equalization assuming
symbol means and variances obtained through the previous round of decoding.
From the time-domain symbol estimates §(i), extract the conditional probabil-

ities {pY) (8, (0)|sn(i) = 5),Vs € 8}2:01 for later use in decoding.

3. Perform maximum a posteriori (MAP) decoding, and update the extrinsic a

priori distribution p¥) (s, (7).
() ()

4. Using pg4(sn(i)), generate symbol means 3V (i) and variances vs” (i) to be used

as priors in the next round of equalization.

5. Use 3Y(i) and oY )(z) to smooth current channel estimates and predict the

channel for the next block.

For step 3, we assume that the LOGMAP algorithm [69] is used for MAP decoding
and that the standard procedure is used to generate the a priori distribution (see,

e.g., [27,62]). In the following three sections, we describe the IBI cancellation and
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CPR (step 1), IFDE algorithm (Steps 2 and 4) and the AFDCE algorithm (Step 5)

in detail.

2.4 Cyclic Prefix Reconstruction

Usually, for OFDM or SC-FDE systems, a CP is added to the beginning of each
transmission block to prohibit IBI as well as transform the linear convolution between
channel and transmitted data block into a circular convolution, thus simplify channel
equalization task. The CP is a repetition of the last data symbols in a block and for
sufficient IBI cancellation, the length of CP should be larger or equal to N —1. When
CP is not available, the received signal is contaminated by IBI as shown in (2.2). In
order to recover the contaminated samples, two steps, called IBI-cancellation and
CPR must be taken [67,68]. We adopted the IBI-cancellation and CPR algorithm
proposed in [68] in our system, and here we briefly describe it for completeness of the
dissertation.

An iterative IBI-cancellation and CPR is implemented jointly with IFDE. For the

first iteration where j = 1, the IBI-cancellation and CPR is performed as

Np—1 Njp—1
(i) = ra(i) = 3 hi(D)dcnisy (i— 1)+ Y hi(i)350 0 (1), 0<n<N,—1
n I=n+1 I=n+1 ’
74 Ny—1<n<N
(2.3)
where {3, (i — 1)} are the final estimates of previous-block symbols, and {§(<07)L_l>N (1)}

can be linearly estimated from {yﬁo) (7)}, which is obtained from a linear combination

between r(i) and r(i + 1) as:
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Np—1

SO () = (i) = Y h(Ddcnisy(i— 1)+ &rninn,(i+1), 0<n<N,—1
n - I=n+1

ro(i) Ny—1<n<N
(2.4)

The optimum weighting coefficients {&,} to minimize the interference power in (2.4)

is given by [68]

¢, = ZlNthrl |hl(l)|
! o (@)

(2.5)

For the subsequent iterations where j > 1, we perform CPR with {5,(3 _1)(i)}—the

most recent estimates of current-block symbols after the j — 1th iteration, according

to
Nh Nh
yD (i) = Zhl 3<n-t>y(i = 1) +Zh Sy (0), 0<n <Ny -1
n l=n+1 I=n+1 )
T () N,—1<n<N

(2.6)

More details on the generation of {3,(i — 1)} and {s(] N ()} will be provided in the

sequel.

2.5 Iterative Frequency-Domain Equalization

Throughout this section, we will assume perfect knowledge of the channel coef-
ficients {f;(i)}". In practice, these coefficients are estimated using the AFDCE

algorithm described in section 2.6.2.
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Assuming that IBI-cancellation and CP-restoration are perfectly executed, y) (i) :=
[y(()j (i), ... ,y](\],)_l(z)] can be considered as a noise-corrupted output of a circular con-

volution between the channel h(i) and the transmitted symbols s(i), i.e.,
y(i) = C(h(i))s(i) +u(i), (2.7)

where, for notational simplicity, we suppress the iteration index j for the remainder
of this section. Taking the discrete Fourier transform (DFT) of both sides of (2.7),

we obtain the frequency-domain description
xz(i) = G)t() +w(i), (2.8)

where x(7), t(i) and w(i) denote the DFTs of y(i), s(i) and w(i), respectively, and
where G(i) = D (g(i)), g(i)=V' NFh(i), and w(i) ~ CN(0,02I). In the sequel, we
refer to the elements in (i) as virtual subcarriers.

Packing the mean and variance of each element in s(i) into the vectors (i) and

vs(i), respectively, it follows that

— F3(i), (2.9)
Ru(i) = B[(t() - #0)) (¢6) - )]

= FD(vs(i))F", (2.10)
Ru(i) = D (diag(Ru(d))). (2.11)

To simplify the equalization task, we use the approximate correlation matrix Rtt(i)
in place of the true correlation matrix Ry (7). Note that, when the elements in s(7)

are i.i.d, the approximation is perfect (i.e., Rtt(z') = Ry(i)). Note also that the
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approximate linear estimation (APPLE) algorithm proposed in [28,29] makes the
more severe approximation Ry (i) ~ L.

Taking £(i) and Ry(i) as priors, the MMSE estimate of #(i) becomes [70]

t(i) = (i) + Ru(i)G" () Rop (z(i) — G(i)E(3)) (2.12)
R.. = G()Ru()G"(i)+olL (2.13)
From a straightforward examination of Rg(i), it can be shown that the diagonal
clements identically equal v,(7) = & Sy Us, (1), so that Ry(i) = v,(i)I. Therefore,

from (2.12), the kth element in (i) can be conveniently computed via

(2x(2) — gr(0)Tr(4)) - (2.14)

The time-domain symbol estimates are then obtained via inverse FFT as §(i) =
F~'t(i). Assuming that the symbol estimation error has a Gaussian distribution

(which is reasonable for large N), we can generate priors for the MAP decoder as

follows:
Puli)lsali) =) = ———exp (—(s"(i);f‘”’“s)) (215)
TO il n,ils
Unijs = E{8n(1)|sn(2) = s}, (2.16)
07217”8 = var{$,(i)|s,(1) = s}, (2.17)

2

nils Canl be written as

where s € S. In Appendix 2.A we show that u, ., and o

s —3,(7) —
Upils = Snli)+ Nn br.(7) gx (), (2.18)
k=0
| N1
Ur%,i\s b 104 (8)|* (191 (3)|*0n (i) + 02) (2.19)
=0



where 7,(i) = + D hotn Usy (1) and where by.(i) was defined in (2.14). The approx-
imation in (2.19) follows from the use of Ry (i) in place of Ry(i), as was done in
(2.12)-(2.13).

Finally, we consider the update of a priori information for the MMSE estimator
using the extrinsic information provided by the decoder. As in [27,62], the soft
feedback information can be expressed as {P(s,(i) = s|5(7))}ses, which can be used

to update the mean and variance of s,(i) as follows:

Sn(i) = E{sn(i)|5(i)}
= Y sP(sali) = s18(i)) (2.20)

seS
Us,(i) = var{sn(i)|8(:)}
= D Is =5’ Plsali) = sl3(0)). (2.21)
seS

2.6 Soft-Decision-Directed Channel Estimation

In this section, we investigate soft-decision-directed channel estimation (SDD-CE)
algorithms that works in conjunction with the IFDE. Unlike conventional approaches
for channel estimation, which rely on pilot symbols [50-52] or hard decisions [47],
the soft outputs of a turbo equalizer can be exploited to improve CE performance
[36,49] and combat error propagation. First we consider a SDD time-domain CE
(SDD-TDCE) in section 2.6.1, which is the optimal estimator to minimize the MMSE
under perfect model match assumption. However, the SDD-TDCE is computational
intensive, thus not attractive for practical applications. Motivated by a significant
reduction in complexity, we propose a two-stage channel estimator, the structure of

which is depicted in Fig. 2.2. In the first stage, per-tone soft-input Kalman filtering
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is applied to track the channel in the frequency-domain. In the second stage, across-
tone filtering is applied to refine the channel estimates. Finally, to handle the case
where the channel statistics are unknown or time-varying, we propose a method to

track the channel statistics inspired by [39].

g(i + 1|, B
w(i) | 9(i +1]&;) I
i Soft Input Frequency Domain——=
t(i - = . ; ’ »
v((LZ) Kalman Filter | g(i|4;) Filtering g(i)
t E—

Channel Statistics

AR coefficients Estimator

Figure 2.2: Adaptive frequency-domain channel estimator.

2.6.1 Soft-Decision-Directed Time-Domain Channel Estima-
tion

In order to exploit the soft outputs of IFDE, we write the symbol s(i) as
sk(i) = Sp(i) + Sk(7), (2.22)

where it is assumed that the mean S (i) is known and the deviation 5(7) has zero
mean and a correlation that obeys E[8;(7)3k4,(i + ¢)*] = vs, (1)9,04-

In this section, we assume a wide sense stationary uncorrelated scattering (WS-
SUS) channel, in which case we can write E[hy(i)hi,(i + q)] = 07,040, where {py}
is the time-domain autocorrelation sequence (normalized so that py = 1) and where
{o7, =t is the IST-power profile. Taking the above decomposition of (i) into con-

sideration, the AR model and observation equation for the [th channel tap can be
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formulated as (see Appendix 2.B):

(i) = onhu(i —m) + (i), (2.23)
(i) = > hi(i)5cnoiny (i) + > hi(i)icnoiny (i) +ua(i)  ne€{0,-+- N -1}
=0 =0
= (i)

(2.24)

Np—1

where it is shown that the combined noise term p,(i) = > ;"7 hi(i)5cn_i>, (i) +

uy(i) is zero-mean Gaussian with autocorrelation Elu, (i), (i +q)] = o7 ;10,04 and

2 _ Np—=1 2
(i) = Pa2a=0 T5, 1o (0)

o + o

In the sequel, we define h;(i) = [h(i), (i — 1), (i — M + 1)|7, h(i) =
[ho(i)Tv T 7QN;L—1(7;>T]T7 §l(i> = [61(7:)7 0,--- 70]T7 é(z) = [50(7:>T7§1(7:>T7 T 7§Nh—1(i)T]T7
y(i) = [yo(i), - syn—1()]T, (i) = [po(i), -+, uy—1(2)]T, Then (2.23) and (2.24) can

be rewritten in state-space model as:

h(i) = (In, ® A)R(i — 1) + €(i) (2.25)
y(i) = VNFY, y D (i) Frx, (I, @ 41")R(0) + p(i) (2.26)
where E[p(i)p(i + )] = D(Ui(i))ém Ui(i) = [Uio(i)’ e >U;LN,1(2')]T’ and
[ar ay ay-1 Q|
1 0 0
A= o 1 0. (2.27)
[0 0 1 0 |

using {a;}}%; to denote the AR model coefficients. Note €(i) ~ CN(0,0?), and
given the channel statistics, {o;}2, and afl can be obtained via the Yule-Walker

method [70].
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In time domain, the Kalman filtering process with “soft” input can be carried out

iteratively through [70]

Q, = VNF D (t4)) Fyun,(Iy, ®41) (2.28)

Gi = PyaQ!(QPyQ +D(0y) (2.29)

e(i) = y(i) - Ey@)|Yi] = y(i) - Q:h(i|¥i1) (2.30)

h(ilY;) = ER(i)Y] = h(i|Yi1) + Gie(i) (2.31)

h(i+11Y) = E[h(+1)|Y] = Ah(i|¥) (2.32)

Py = A(I-GiQ,)Py1A" +D(o2;) (2.33)

where A = Iy, ® A, 02, = [02,0,---,0", 0%, = [02 ;)" -+ ,agNhfl(i)T]T, and

P —E {(Q(i £1) — A+ 1) (Bl +1) - A+ 1|yi))H} ), denotes the set
of all observations up to the ith block, namely, Vi = {y(j)}’—o.

In general, Q; and P;;;_; are time varying. The implementation of the TD Kalman
filter would require an online inversion of a N x N matrix in each block. Since
this is clearly impractical for large IV, we will next develop a simplified FDCE with
significantly reduced complexity.

2.6.2 Soft-Decision-Directed Frequency-Domain Channel Es-
timation

The motivation to search for a lower computational demanding CE algorithm leads
us to an alternative approach - FDCE. First we derive the FD state-space model and
compare it with the TD state-space model. The similarity between these two models
stimulated us to propose a two-stage channel estimator to approximate the TDCE
scheme, where per-tone soft-input Kalman filtering is applied to track each frequency
bin and across-tone filtering is applied to refine the channel estimates. Finally, a
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recursive filter inspired by [39] is adopted to track the channel statistics so as to

adaptively update AR model.

Soft-Input Per-Tone Channel Estimation

Since the virtual subcarrier vector (i) is the DFT of s(i), we can write
te(i) = Tu(d) + & (0), (2.34)

where #;,(7) is given in (2.9) and #;(4) is a random variable with zero mean and variance
vy(i). Consistent with the use of Ry(i) in place of Ry(i) for MMSE equalization,
we assume that E[ty (i), (i + q)*] = v;(i)d,0,, which holds without approximation
when vy, () is invariant over k. Numerical experiments have convinced us that this
is a reasonable assumption.

Taking the above decomposition of #;(7) into consideration, the state-space model

for the kth frequency bin can be formulated as (see Appendix 2.C):

9,() = Ag,(i—1)+n,(), (2.35)

ze(t) = ge(@)te(i) + g0t (i) + wi(i), (2.36)

where gk(z) = [gx(i),gr(i — 1), ,gu(i — M + 1)]T, Qk(z) = [nx(i),0,---,0]%, and
k(i) ~ CN(0,07). Given the channel statistics, {cy};?, and o] can be obtained

via the Yule-Walker method [70]. In Appendix 2.C, it is shown that the combined

noise term vg(i) = gr(i)tx(i) + wi(i) is zero-mean Gaussian with autocorrelation
E[vg ()05, (i + 0)] = 02(i)6,6, where 02(i) = v, (i) 32,05 of, + o2,

It follows naturally that the Kalman filtering process [70] can be carried out

iteratively through the following steps. Assuming that Py(z) and g, (i|X—1) are
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available from the previous block,?

q(i) = Pp(i)E ()i (B()if P(i)infp(i) + 02() ™ (237)

6k(l) = ZL’k(Z) - t_k(z)zfgk(dé\fkﬂ_l) (238)

9, X:) = g, (i|Xi-1) + ex(i) g (i) (2.39)

gk(z +1|X) = Agk(z\Xm) (2.40)

Pui+1) = A(— q(i)i()if)Py(i)) AT + D(02), (2.41)

where 0'% = [ag, 0,...,0]7 and where X} ; denotes the set of all observations up to

the ith block, namely, X,; = {ack(j)};:(). Recall that 2, denotes the kth column of
the identity matrix, and note that Py(i) := E [ey(i)ef (i)] where (i) := g,(1) —
§,(i1 X ).

The channel estimator presented above is for a particular frequency bin. While
channel is independently distributed for each frequency bin, we can formulate the

state space equations for the channel over all frequency bins as:

gi+1) = (Ix®A)g(i)+ ﬂN(i) (2.42)

z(i) = D)Ly ® iy )g(i) +v(i) (2.43)

where g(i) = [g (i), -+, g, ()], m,(4) = [n, ()", my_ ()T]T, v(i) =
[vo(), - - on—1 ()]

Compare (2.42)-(2.43) with (2.25)-(2.26), we can see that when N, = N, these
two models are exactly the same. Actually we can attain (2.43) from (2.26) by noting
that (Iy, ® i} )h(i) = \/LNFJI\&N,L(IN ® 4y )g(i). When N, < N, such relationship

does not hold and TD channel model might be able to achieve better estimation

*For initialization (i.e., i = 0), we set g, (0|X),0) = 0 and Py(0) = R := E{g, (0)g/(0)}.
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performance, since we ignore the correlation between frequency bins in the state
equation (2.42). However only FD state space model can enable us to attain decoupled
channel estimator, which greatly simplify the computation. Therefore, we propose a
two-stage channel estimator. In the first stage, we track and predict the channel for
each frequency bin as in (2.37)-(2.41). In the second stage, we apply a across-tone
channel refinement to exploit the correlation between frequency bins and reduce the

noise contaminating the channel estimates.

Across-Tone Channel Refinement

Because the above channel tracking scheme is done on a per-tone basis, it has
significantly less complexity than the optimal Kalman filtering (i.e., across all tones).
However, it is suboptimal because it ignores correlation between the elements of g(i) =
(90(), g1(4), . .., gn_1(k)]T. Therefore, in this section, we propose a computationally
efficient means of refining the per-tone channel estimates by leveraging the correlation
structure of g(i).

Say that g(i|Xi) := [go(ilX0.), §1(i[X1:), - -+, gn-1(i]Xn_14)]" denotes the per-
tone estimates of g(i) generated via (2.37)-(2.41), and that (i) := g(i|&;) — g(7)
denotes the corresponding estimation error. We are interested in the linear refinement
g(i) = Bg(i|X;) which minimizes the MSE E{||g(i) — g(7)||?}. Assuming that &(i) is
zero-mean with E{e(i)e (i)} = 02I and that E{e(i)g” (i)} = 0, the orthogonality
principle of MMSE estimation (i.e., E{(g(i) — g(i))g" (i|X;))} = 0) straightforwardly

implies that

B = 3,(3,+0) (2.44)
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where ¥, := E{g(i)g" (i)}. For our WSSUS channel, we show in Appendix 2.C that
g

Elgr(i)g,(i)] = Sop aﬁle_j%(k_p)l, which implies that
¥, = NFD(o})F" (2.45)
for length-N vector o} = [0} .07 ... ,a,%NH,o, ...,0]T. Using (2.45), we can

rewrite (2.44) as
B = FD(y)F*? (2.46)

where v = [0, 71, ..., yn-1]" such that v, = (1 + ¢2/(Noj ))~". Equation (2.46) im-
plies that MMSE refinement can be accomplished using a fast FFT-based algorithm.
In the case that {02/07 };"% are unknown, the high-SNR approximation 62 — 0 can

be used, which leads to

1 0<I<N,-—1
v = { <=M (2.47)

]lo N, <I<KN-1"

Note that this high-SNR approximation solution is the same as the constrained least-
square solution mingery, v, 19(4)—g(%) |2, which is optimal in minimizing the square
error with the assumption o2 = 0.

While so far we have discussed across-tone refinement of a single vector g(i|X;),
merging the across-tone refinement procedure with the per-tone Kalman algorithm
(2.37)-(2.41) requires that, for each i, across-tone refinement is applied to the entire
M-sample block G(i|X;) := 9, Xo0,), g, (] X), - - ;G (i1Xx1;)]", and that the

refined outputs are used in the forward-prediction step (2.40). In total, this procedure

consumes 2M FFTs at each index 7.
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Adaptive Tracking of AR Model Coefficients

When the Doppler spread of the channel is unknown or time-varying, we can
estimate the AR model coefficients by tracking the channel statistics. As we can see

from (2.35) and (2.27),
(i) = a'g, (i = 1) + (i), (2.48)
where @ = [a,az,--+,apy]. For a stationary channel with R := E{g, (i)g (i)}

and r:= E{g;(i + 1)g, (i)}, the Yule-Walker equations [70] specify that

a = R'r, (2.49)
op = [Rop— a”Re. (2.50)
When the statistics are slowly varying, we can use (2.49) to track the unknown AR

coefficients a (i) using estimates of R(i) and (i), similar to [39]. In particular, we

can use the recursive estimates

Pi) = Aqﬂ(i—1)+(1$)2@;(@)@@-1), (2.51)
R() - AR(¢—1>+(1]_VA> g (- 1)gl" - 1), (2.52)

where A € (0,1) is a suitably chosen forgetting factor, to generate the AR-coefficient

estimate
a(i) = R (i)r(9). (2.53)

While one might think to estimate o7 (i) via (2.50) with R(i) and é(i) from (2.52)-

(2.53), our experiments indicate that more robust estimates of o7(i) can be obtained
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via

(i) = gi) — & (i)g, (i — 1), (2.54)
oa(i) = )\&g(i—l)—k(l;])\) 17 (7)|2. (2.55)
k=0

2.7 Implementation Considerations

In this section, we describe how the IFDE algorithm described in section 2.5 can
be mated with the adaptive FDCE (AFDCE) algorithm described in section 2.6.2.
In addition, we analyze the complexity of the joint IFDE/AFDCE algorithm and

compare to existing approaches in the literature.

2.7.1 Block Overlapping

86ni —2) | R S
() [l
o /
S6n(i — 1) ‘ ‘ N N
s(i+1) [T 846+1) ]
Queue: | 3461 5a(4) 8aq(i +1)

Figure 2.3: The block-overlapping scheme.

As mentioned in [62], due to causal channel dispersion and lack of CP, the symbols
near the end of the block contribute little energy to the observation. As a result, these
symbols are prone to detection errors. Though the CP-restoration procedure attempts
to mitigate this problem, the procedure itself makes use of these end-of-block symbol

estimates, which are inherently unreliable, and thus ultimately fails. Note that the
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symbol estimates near the beginning of the block are contaminated by errors in IBI-
cancellation as well as CP-restoration, due to both imperfect channel and symbol
estimates. For these reasons, we propose the block-overlapping technique shown in
Fig. 2.3. The key idea is to retain only the N; < N symbol estimates from the middle
of the block (shown in grey), since only they are reliable; the symbols at the edges of
a given block will be better estimated when they land near the center of a different
block.

In particular, we propose to perform the equalization and channel estimation tasks
as follows. Say that $,(i — 1), estimates of the beginning symbols in s(i — 1), have
been computed and saved in a queue of “final symbol estimates.” Then, as shown
in Fig. 2.3, 84( — 1) is enough to complete the estimation of s(i — 2). With final
estimates of s(i — 2), we can compute our final estimate of channel g(i — 2) and
forward-predict a tentative estimate of channel g(i). Using this tentative estimate
of g(i), in conjunction with IBI-cancellation based on the final estimates of s(i — 2)
and g(i —2), we can estimate s(i) and output the middle symbols §,4(7) to the queue.
Fig. 2.3 shows that we now have enough reliable symbol estimates to complete §(i—1).
With final estimates of s(i — 1), we can compute our final estimate of channel g(i—1)
and forward-predict a tentative estimate of channel g(i + 1). These three latter
quantities can be used to estimate s(i + 1), after which the middle symbols s4(i + 1)

are added to the queue, and so on.
2.7.2 Complexity Analysis

The computational complexity of the IFDE and AFDCE algorithms is reported in

Table 2.13. The complexity of similar algorithms from the literature is also reported

3|S| denotes the size of symbol constellation S.
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for comparison. For the symbol detection algorithms, Table 2.1 reports the num-
ber of real multiplications/divisions required per-iteration? to yield N time-domain
symbol estimates, while for the CE algorithms, Table 2.1 reports the number of real
multiplications/divisions required to yield N frequency-domain channel coefficient
estimates.

Focusing first on symbol detection, we compare IFDE to the APPLE/MF algo-
rithm from [28,29]. As described in [28,29], APPLE/MF alternates between the
APPLE and MF tasks depending on the current system state, making an exact com-
plexity count impossible. However, since we know that APPLE/MF complexity falls
somewhere in-between the APPLE and MF complexities, we anticipate from Table 2.1
that [FDE is slightly cheaper than APPLE/MF. We note that Table 2.1 includes the
cost of generating priors for MAP-decoding, but does not include the cost of comput-
ing priors for MMSE-equalization, since this latter cost is identical for APPLE/MF
and [FDE.

Focusing next on channel estimation, we compare AFDCE to the least-mean-
square structured channel estimation (LMS-SCE) algorithm from [56]. Notice that,
in reporting AFDCE complexity, we have isolated the costs of across-tone channel
refinement (ATCR) and adaptive tracking of AR model coefficients (ATARMC). As-
suming the typical case of large block-length N and small AR-model order M (e.g.,
M = 2), the dominant complexity terms® in Table 2.1 indicate that the complexity

4We find it appropriate to report per-iteration complexity in Table 2.1 since we have observed
that APPLE/MF and IFDE require approximately the same number of iterations before saturating.

°In deriving Table 2.1, we assumed radix-2 FFTs that cost 2N log,(N) real multiplications and
real additions per real N-vector and 4N log,(NN) real multiplications and real additions per complex
N-vector.
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Table 2.1: Computational Complexity

‘ Task H Real x ‘ Real + ‘
IFDE 8N logy(N) + 18N + |S|N 2N
APPLE 8N logy(N) + 11N + |S|N 2N
MF 14N logy(N) + 12N + |S|N + 24N, logy(2N3) N
AFDCE N(4M? + 8M + 11) + 8N log,(N) N
(from ATCR) + 8M N log,(N)

(from ATARMC) || + M?N + TMN + 2M? + 3M? 1
LMS-SCE 16N logy(N) + 6N

of AFDCE is about M times that of LMS-SCE. In other words, the complexities of

the two algorithms are of the same order.

2.8 Numerical Results

2.8.1 Simulation Setup

We consider a single-carrier non-CP system, where the information bit sequence
is encoded with the code generator G(D) = (1 + D?,1 + D + D?) and mapped
to QPSK symbols via Gray mapping. The time-varying channel is simulated using

Jakes” model with delay spread N, = 128, uniform power profile UJZVZ = and

N
autocorrelation p, = Jo(27 f4TsNq), where Jo(-) denotes the Oth-order Bessel func-
tion of the first kind. Note that the factor “N” appears in p, because “q” denotes
time-lag in blocks. Our experiments focused on (single-sided) normalized Doppler
spread f;Ts € {0.00001,0.00005}, which, e.g., corresponds to Doppler spreads of
fa € {100,500}Hz at sampling rate T, ' = 10 MHz. Our receiver used a block with
length N = 512, offset N, = 50, and reliable-symbol duration Ny = 256. The AR

model order was M = 2, and Ny, = 5 iterations were used for both APPLE/MF
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and IFDE (since more iterations did not appreciably improve performance). In the
AFDCE across-tone channel-refinement step, we used the “high-SNR” approxima-
tion (2.47). The reported numerical results represent the average of 100 indepen-
dent experiments of 51200 consecutive data symbols. Each length-51200 data-symbol
sequence was preceded by a length-N pilot-symbol sequence (containing randomly

chosen QPSK) that was used to initialize the channel estimator.

2.8.2 Performance Assessment

AR Model Based Time-Varying Channel

The time-varying channel is simulated as an AR process for each channel tap, while
the second order AR model coefficients and the driving noise’s variance is obtained
through solving the Yule-Walker equations for the autocorrelation described above.
In this set of simulations, we assume perfect IBI cancellation and CPR, which is
equivalent to a cyclic-prefixed transmission, and assume perfect knowledge of the
AR model. We evaluate the BER and MSE performance of IFDE/FDCE algorithm
through simulations.

In Fig. 2.4, we compare the BER performance of IFDE/FDCE versus IFDE with
perfect CSI, it can be seen that channel estimation error is negligible when f;Ts =
0.00001 and for faster fading where f;7; = 0.00005, there is less than 0.25dB loss at
high SNR region. In Fig. 2.5, we compare the MSE performance of IFDE/FDCE,
FDCE with training versus the theoretical lower bound derived in Appendix 2.D.
For the training based FDCE, all the transmitted symbols are pilot symbols and are
selected from a particular class of polyphase, constant-magnitude sequences known as
Chu sequences [71], which has constant frequency-domain amplitude [1,50]. It can be

seen from Fig. 2.5 that the training based FDCE algorithm achieves the lower bound
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at all SNR region, and IFDE/FDCE approaches the lower bound as SNR increase

when f;T, = 0.00001, while has a almost constant gap when f;7T = 0.00005.

perfect CSI

« |- - -IFDE/FDCE
_ — \
107} 10°F '\
\
\
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Figure 2.4: BER versus SNR for AR channels.

Rayleigh Fading Time-Varying Channel

We evaluate the performance of the proposed IFDE/AFDCE algorithm in Rayleigh
fading time-varying channel. First, we compare the proposed IFDE/AFDCE algo-
rithm with the LMS-SCE algorithm proposed by Morelli, Sanguinetti and Mengali
in [56]. Three variants of our AFDCE algorithm were tested: (a) adaptive soft-
input Kalman CE (ASKCE), where the inputs to the Kalman filter are the mean
and variance of the virtual subcarrier symbols ¢; (b) adaptive hard-input Kalman CE
(AHKCE), where the inputs to the Kalman filter are hard-decisions on the virtual
subcarrier symbols with the variance set at zero; and (c) adaptive soft/hard Kalman

CE (ASHKCE), which uses AHKCE when the estimation error variance v; is above
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Figure 2.5: MSE versus SNR for AR channels.

a threshold (e.g., 0.1 in our simulations) and ASKCE otherwise. For LMS-SCE, we
empirically chose step-sizes of © = 0.1 when f;7s = 0.00001, and p = 0.5 when
f4aTs = 0.00005, since no optimal choice of 1 was specified in [56]. Steady-state BER
and channel-estimation-MSE are reported in Fig. 2.6 and Fig. 2.7, respectively. There
it can be seen that AHKCE and ASHKCE yield better performance than LMS-SCE
throughout the SNR range, with significant improvements at higher Doppler. In
Fig. 2.6, we also plot the BER of IFDE with perfectly known channel. There we
see that both AHKCE and ASHKCE perform within 1dB of this genie-aided case.
Though ASKCE does not perform well at low SNR, it slightly outperforms AHKCE
at high SNR. ASHKCE combines the best features of the ASKCE and AHKCE algo-
rithms, as seen in Fig. 2.6.

In Fig. 2.8, we compare the performance of ASKCE to adaptive-step-size LMS-

SCE in a non-stationary channel. In particular, we use a channel for which f,;T; =
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0.00001 for the first 51200 symbols, and f;7 = 0.00005 for the last 51200 symbols.
During the intermediate phase (i.e., the middle 51200 symbols), the channel smoothly
transitioned between those two states. Both BER and channel-estimate-MSE are
reported in Fig. 2.8. There we see that ASKCE achieves lower MSE than adaptive-
stepsize LMS-SCE and that ASKCE demonstrates the ability to adapt to changing
channel statistics while maintaining excellent BER performance.

Finally, we compare the channel equalization performance of our proposed IFDE
algorithm with Tiichler and Hagenauer’s APPLE/MF algorithm from [28,29]. Fig. 2.9
shows that our proposed IFDE/ASHKCE scheme outperforms APPLE/MF when the

latter is used with either AHKCE or ASKCE.

fdTs=0.00001
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BER

-—9O— LMS-SCE
—&B— AHKCE
10°%l| —*— ASKCE
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Genie

2 4 6 8 5 6 7 8
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Figure 2.6: BER versus SNR for WSSUS Rayleigh channels.
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Figure 2.7: Channel-estimate-MSE versus SNR for WSSUS Rayleigh channels.
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Figure 2.8: Channel-estimate-MSE and BER versus block index at SNR= 7dB for
a non-stationary Rayleigh channel which transitions from f;7T; = 0.00001 to f47s =

0.00005.
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Figure 2.9: BER versus SNR for WSSUS Rayleigh channels.

2.9 Conclusion

In this chapter, we present an algorithm for joint frequency-domain equalization
and channel estimation appropriate for the reception of single-carrier non-CP trans-
missions over time-varying long-delay-spread channels. In particular, we detail an
improved IFDE algorithm based on frequency-domain turbo equalization, and pro-
pose a novel AFDCE with robustness to fast-fading. Numerical results show that
the proposed IFDE-plus-AFDCE scheme demonstrates state-of-the-art performance
in both stationary and non-stationary channels and maintains low complexity as a
result of its frequency-domain operation. Deeper analytical insights into the conver-

gence behavior of AFDCE will be the subject of future work.
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Appendix

2.A Derivation of Conditional Mean and Variance

Combining (2.12) with 3(i) = F~'#(4), we can write

s.(i) = T FHE(0)

N-1
= Al F"Y i)
k=0

N-1

= i, F" Z_: it (i) + 3, F7 Z a0 (1) (24(2) — gr(9)1(2))

k=0

N-1 N-1
= i, F Z inty F3(i) + 14, F7 Z ik (i) (ge(0)iy Fs(i) — gi(i)iy F3(i) + wy(i))
k=0 k=0
N-1 N-1
= 5.(0) + il F"Y g bp (i) gn () F (s(i) — 3(i)) + 6 F* Y agbe(i)wi(i).  (2.56)
k=0 k=0
Furthermore,
N-1

E [8(2)|sn(i) = 5]

and

var [8,(i)|sn (i) = s]

Q

Sn(i) +

5n(i) + a0 B iy by (i) gi () F E[s(i) — 8(i)| s, (i) = 5]

k=0
N-1

En(z) + ’L';?FH Z ’Lkaku(Z)gk(Z)an (S - En(l))

k=0

2= 50 5 (). (2:57)

k=0

E |7 F" S it by(1) g () F (s(i) — 8(3) — (s — 5(0))
+ifFH§:%%@ﬁ%@)]
. (D) (198(0) P8 () + 02) (2:58)



where 0,(i) = %Zk;ﬁn v, (7). In arriving at (2.58), we ignored the off-diagonal

elements of

B F(s(i) = 5(5) — in(s — 50(0)) (8(0) — 5()) ~ dn(s — 5(0) " F¥|

in a manner consistent with our previous approximation that used Rtt(i) in place of

Ry (i) for MMSE estimation.

2.B State-Space Model for Time-Domain Kalman Filter

In this appendix, we formulate the state-space model of Kalman filter for the case
that the channel is WSSUS and an M-order Kalman filter is used to track the channel
variation in each channel tap. The auto-regressive (AR) model for the /th channel
tap is given by

hi(i) = cmh(i — m) + €(i), (2.59)

where {12 | are AR model coefficients and ¢ (i) is white Gaussian noise with
zero mean and variance Ufl. Here, the parameters {a,,,;}2_, and afl are selected to
match the desired autocorrelation function E[hy(i)hi(i + q)*] = o}, p,, implying that
{a }M_ | are invariant w.r.t. tap index [, hence we omit the I-dependence from these
parameters in the state-space formulation (2.23)-(2.24). Though o} might be variant
across [.

Assume perfect IBI cancellation and CPR, combine (2.6) and (2.22), the observa-

tion equation is defined as:

Np,—1 Np—1

(i) = D hi(i)scnmisy (i) + Y hi(D)cnoisy (i) + un(i)  ne {0, N -1}

=0

(2.60)
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Defining the combined noise term i, (i) = Sor " hy(1)3n_i> (1) + un(i), we note
that, since both S.,_;~ (i) and w,(:) are Gaussian, ,(i) must also be Gaussian.

Since S<p,—i> (7) and u, (i) are independent zero-mean Gaussian random variables,

—E Z_ P(i)Sanis (i) + un(i)] — 0, (2.61)

Elp1n (4) pr 4 (7 + )]

Nh 1 Nh 1
E [(Z hl 8<n l>N )+un ) (Z hl/ Z—!—q)8<n+p l/>N(Z+q)+un+p(Z+q)>

l/
Np—1Np—1

Z Z S<n—l>N(i)§*<n+p—l’>N (Z + q):| E [hl(7’>h’7’ (Z + q)] + 0351?64
=0 I'=0
N;L—l

- E [§<"_I>N(i)‘§in+p—l>1v(i>:| Ug;(i)pqéq + ‘755:05[1

2 (,.)a?” + 02) 6,0, (2.62)

<n—I>pn
=0

2.C State-Space Model for Frequency-Domain Kalman Fil-
ter

In this appendix, we formulate the state-space model of Kalman filter used to
track the channel variation in each frequency bin. The auto-regressive (AR) model

for the kth frequency bin is given by

Z ke gre (0 — m) + 11 (4), (2.63)

where {a,, ;}M_, are AR model coefficients and 7 () is white Gaussian noise with
zero mean and variance Uf,k. Here, the parameters {a,,;}M_, and agk are selected

to match the desired autocorrelation function E[gx(i)gx(i + ¢)*]. Since, for a WSSUS
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channel, E[hy(i)hip(i + q)] = 0} pgd, With pg = 1, we can see that

Nj,—1 Np—1

Blgx()gr(i + )] = B[ h(i)e M Z hun(i + q) e ¥ P
1=0
N1
= pq Z 0';2”, (2.64)
1=0
implying that {ay, x}1L, and afm are invariant w.r.t. bin index k. Hence, we omit the
k-dependence from these parameters in the state-space formulation (2.35)-(2.36). We

can also see the across-tone correlation that is ignored in per-tone channel tracking:

Np—1 Np—1
Elgr(i)gp(i)*] = Z hi(i)e I M Z hun
Nh 1

Combining (2.8) and (2.34), the observation equation for per-tone filtering be-

2k (i) = gr(0)Ek (i) + gr(0)tr (i) + wi (D). (2.66)

Defining the combined noise term v (i) := g5 (i)tx(7) + wy (i), we note that, since both
tp(7) and wy (i) are Gaussian, vg(7) must also be Gaussian. Since wy (i) and #,(i) are

independent zero-mean Gaussian random variables,

Elus(i)] = 0, (2.67)
Elo(i)vi, (i + @) = B [(ge(0)k(0) + wi(i)) (951,00 + @)y, (0 + @) + wip, (i 4+ )],

= E[gu(1)gi1p(0 + )] E [t (0)E5, (0 + a)] + 075,0,0,,

Nh—l Nh 1
= [Z h(i)e 7 TN R (i q)ed B EPT | 0, (i)5,6,
= m=0
+ 028,64, (2.68)

Nh—l
- (Mz) > o+ ai> 5,0, (2.69)
=0
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In (2.68), we utilize the assumption that E[t; (i)t (i + q)*] = v¢(i)d,6, mentioned in

section 2.6.2.

2.D Performance Bound of Channel Estimator

Assume block fading channel and perfect IBI cancellation and CP restoration, we
evaluate the performance of the proposed CE scheme in a genie aided mode, where
N constant pilot symbols {p;} are transmitted over the channel repeatedly. Further-
more, the pilot symbols are selected from a particular class of polyphase, constant-
magnitude sequences known as Chu sequences [71], which satisfied the desired prop-
erty that the training sequence has constant frequency-domain amplitude [1,50]. Then

(2.35)-(2.36) changes to

g,() = Ag (i—1)+n,(i), (2.70)

x(i) = ifgk(i)pk—l—wk(i). (2.71)

First, without the consideration of the frequency-domain filtering process, for such

time invariant system, the discrete algebraic Riccati equation (DARE) is defined as

Ipe|? APyt P AT

|pk|2’i{{Pk’I;1 + 0'120

P, = AP, A" - + oniigy . (2.72)

The unique stabilizing solution of (2.72) can be attained through applying the invari-

ant subspace method as in [72] Theorem E.7.1.

M A~ —02 Al -

S A S 1 A S (2.73)
U,  [Ux

M, [VJ = [VJ Ay, (2.74)
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where U, and V', can be any M x M matrices that form a basis for the stable
eigenspace of the symplectic matrix My in (2.73) and Ay is an M x M matrix
with all its eigenvalues inside the unit disc. For channel with i.i.d frequency bins,
we can omit the subscript k& from (2.72)-(2.75). In addition, since i}’ Py(i)i, =
Var (gx(2) — gk (i|Xx,i—1)), the variance of prediction error at steady state can be pre-
dicted through i Pi,.

Second, we examine the influence of the channel refinement process on the lower
bound when high SNR approximation is applied. To facilitate our analysis, we refor-

mulate equation (2.37)-(2.41) as:

@ (i) = Pi(iYis (Jpn i Pr(i)i + 07) (2.76)
éx(i) = prrr(i) — |pel*8 g, (i Xeio1), (2.77)
Qk(Z|Xm) = Qk(i|Xk,i—1) + €,(7)qy, (1), (2.78)
Py(i + 1)=A(L— g, |pi[*i!") Pe(i) AT+ D(0?). (2.79)
Without lose of generality, we can assume |pg|> = 1, since they are of constant

amplitude. It follows that @, (i) is k-independent with the same initialization of
P,(0), thus we omit the index k. Furthermore, é; can be decomposed as:
én(i)) = Dy (orgn(d) +wi(@)) — |kl Gr (i Xeio1),
= el (9(0) = 9P| Xei1)) + praow(i),

= 9r() = Ge(i Xii-1) + prw(i). (2.80)

Now denote G(i|Xi—1) = [9,(i|Xoi-1), 3, (il X1i-1), -+ G, ({|Xn—14-0)]T, §li]Ximr) =

[90(1]X0.i-1), g1 (2| X1i1), -+, gn—1 (1] Xn—1.-1)]T, €(3) = [€0(2), €1(4), - - -, én—1(i)]T, and
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p* = [p5,pi, Py it follows that
Q(Z|Xz) :Q(i|Xi—1) + é(i)fl(i)Ta
=G(i|X-1) + (g()) — §(i| Xima) +p" - w(i))q(i)". (2.81)

Assume {G(i|X;_1), G(i|X;_1)} € span(Fyyy, ), then

G(Z) = FNXNthxNhG(i‘Xi)v

= G(ilXi1) + (9(0) = (i1 Xi-1)) @) + F s, Fiisw, (p* - (1)) @(0){2.82)
Furthermore, denote w(i) = Fyyn, Fiy,y, (P* - w(i)), it is easy to show that

g,(i) =g, (i|Xyi—1) + (gr () = Gl X i1)) @ (i) + we(i)q (i), (2.83)

and E[@y, (i) (i)*] = Xo?. Therefore, the channel refinement process reduces the

noise energy by a factor % As a result, in order to calculate the new lower bound,

we only need to scale o2 in (2.72) and (2.73) by the factor 5. Meanwhile, we need

to update (2.76) to comply with this result.
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CHAPTER 3

FREQUENCY-DOMAIN TURBO EQUALIZATION FOR
DIGITAL TV TRANSMISSION SYSTEMS

3.1 Introduction

The performance of ATSC [2] digital television (DTV) receivers has been steadily
increasing over the last decade [73,74]. Receivers have become increasingly reliable in
difficult channel conditions, such as indoor reception in urban settings, where dense
multipath can heavily impair the transmitted signal. The current state-of-the-art
ATSC reception scheme employs decision feedback equalization (DFE) [75,76]. To
handle difficult channels, receiver complexity—in particular, the DFE filter length—
has increased significantly. While first-generation ATSC receivers typically employed
DFEs with 100 forward and 400 feedback taps, current-generation receivers typically
employ DFEs with 500 forward and 600 feedback taps. If broadcasters adopt the
use of repeaters and distributed transmitters to increase coverage [77], then further
increases in filter lengths can be expected.

For channels with large delay spreads, which are commonly encountered in DTV

applications, even linear equalization can be quite costly when implemented in the

25



time domain, as suggested by DFE filter lengths mentioned above. For such chan-
nels, it might be more effective to consider frequency-domain equalization (FDE),
which leverages fast circular convolution via the FFT to drastically reduce the cost of
implementing long filters [1]. Motivated by the success of IFDE/AFDCE algorithm
proposed in Chapter 2, here we attempt to design the receiver in the same framework.
As it turns out, for DTV applications, both the FDTE and AFDCE algorithms are fur-
ther complicated by the ATSC’s use of 8-ary TCVSB modulation. Thus, we propose
a novel FDTE/AFDCE scheme suitable for non-CP TCVSB modulated transmission
system. Through numerical comparisons, we find that the proposed scheme gives si-
multaneous performance and complexity gains over time-domain DFE reception plus
FDLMS CE.

The chapter is organized as follows. Section 3.2 and section 3.3 briefly describe
TCVSB modulation and the communication system model. Section 3.4 and sec-
tion 3.5 extends the proposed IFDE and AFDCE algorithms in Chapter 2 to adapt
to TCVSB modulation. Section 3.6 presents numerical results. Finally, section 3.7

concludes.

3.2 Trellis Coded Vestigial Sideband Modulation

North American DTV transmission systems adopt TCVSB modulation for both
power and spectrum efficiency. Here we briefly describe its properties for better
understanding of the challenges for receiver design.

The VSB spectrum in a 6-MHz channel is depicted in Fig. 3.1 [2]. The digital
VSB spectrum is flat throughout most of the channel due to the noise-like feature

of randomized data. The RF peaks can only be described in terms of a statistical

o6



cumulative distribution function [78] and remains within 6.3dB of the total in-band
average power for 99.9% of time. As can be seen from Fig. 3.1, the half-power
frequencies of the VSB signal are 5.38MHz apart with two steep transition bands (each
of 0.62MHz wide). The 8-VSB modulation is implemented by a root raised cosine
(RRC) pulse shaping filter (PSF) with roll-off factor § = 0.115 and the composite
pulse waveform b(t) is raised cosine (RC) waveform. These waveforms are illustrated
in Fig. 3.2 and Fig. 3.3. Detailed time and frequency domain representation of these
filters are provided in Appendix 3.B. As implied in Fig. 3.4, about half spectrum
of the received signal will be suppressed by the PSFs, therefore special treatment is
needed to restore the transmitted symbols as illustrated in section 3.4.

The transmission system employs a two-thirds rate (R=2/3) trellis code [2]. One
input bit is encoded into two output bits using a one-half rate convolutional code
while the other input bit is precoded. Standard 4-state optimal Ungerboeck code
is used for the encoding. The signaling waveform used with the trellis code is an
8-level (3 bit) real valued constellation. The transmitted signal is referred to as 8-
VSB. In ATSC standard, trellis code intrasegment interleaving shall be used, where
twelve identical trellis encoders and precoders operating on interleaved data symbols.
Fig. 3.5 shows the trellis code utilizes the 4-state feedback encoder as well as the
precoder and the symbol mapper. The trellis coded modulation (TCM) complicates
the soft information generation process for the Turbo equalization, which is discussed

in details in section 3.4.2.
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Figure 3.1: The spectrum of VSB modulated signal [2].
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The Frequency Domain Transform of Pulse Shaping Filter
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Figure 3.4: frequency-domain transform of root raised cosine and raised cosine pulse
shapes.
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Figure 3.5: Trellis encoder, precoder, and symbol mapper [2].
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3.3 System Model

For terrestrial DTV transmission, the normalized Doppler spread is relatively
small, therefore, the composite channel impulse response with pulse shaping filters

included can be defined as in (1.9)

h(t,T) b(T — 70), (3.1)

||M2

where the PSF a(t) is the Hermitian symmetrlc RRC pulse such that a(t) = a*(—t),

and b(t) is the RC pulse. Similar as in (1.11), the received signal r(t) is defined as

r(t) = h(t, ) * sp(t) + v(t) = / > clt)b(r — 7)Y skd(t — 7 — kT)dr + v(t)
B ' (3.2)

Ny

Z Z SkCg t — kT — Tg) + V(t) (33)

1

=
where v(t) = p(t) * a*(t) and p(t) is the AWGN noise. Due to the impact of PSF
a(t), v(t) is a colored additive Gaussian noise, however in this chapter we would still
treat it as AWGN similar as in [10,11], and extension to the colored noise case can
be done with a little bit more efforts.

The equivalent discrete time base-band transmission model can be obtained through
sampling with period 7. Define r, = r(nT"), ¢,y = c(nT), by = b(IT — T;) and

= v(nT), the discrete time model is given by

Ny

Iy = Z Cn,ebi e, (3.4)
=1
L

Tn = Z hn,lsn—l + VUnp, (35>
=0

where v, is assumed to be circular white Gaussian noise (CWGN) with mean zero

and variance o2

. Since two real-valued observations are made for every real-valued
symbol s,, one might consider (3.5) to be oversampled by a factor of two.

60



For our FDTE scheme, we assume block-wise processing with block length N.

In fact, we focus on overlapping blocks, with block interval N; < N. Further-
more, we assume that the channel is time-invariant over the duration of a sin-
gle block. For convenience, we define the block-based quantities r,(i) = 7inp,+n,
hi(i) = hingeny2i, Sn(i) = Sing4n, and vp(i) = Vin,4n, and their vector coun-
terparts (i) = [ro(i),m1(2),...,rnv_1(2)], 8(i) := [s0(2), $1(7),...,sny_1(i)], h(i) =
[ho(2), ..., hr(7),0,---,0], and v(i) := [1(i),v1(i), ..., vn—1(2)]. Thus, the signal re-
ceived during the ¢-th block can be expressed as

n L

Vi) + > hi(i)sni(i) + D hi(i)scnisy(i—1), 0<n<L,
1=0

(i) = . = (3.6)
V(i) + > (i) sn(i), L<n<N,

where < n >y denotes n modulo N. Note that the samples {r,(i)}%Z} contain IBI

from s(i —1).

The receiver structure and major processing steps for the DTV transmission sys-
tem are exactly the same as those described in Section 2.3, while the implementation
of FDTE and AFDCE modules are different due to the TCVSB modulation of DTV
signal. For simplicity, here we only describe the special aspect of proposed FDTE
and AFDCE algorithms, while directly refer to Section 2.3 for details of other similar
modules, such as IBI cancellation and CPR, etc.

We assume that CP restoration has been perfectly executed, so that y(i) can be
considered as a noise-corrupted output of a circular convolution between the channel
h(i) and the transmitted symbols s(i). Assuming perfect CPR, the time-domain

system model can be rewritten in matrix form as

y(i) = C(h(2))s(i) +v(2), (3.7)
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where C(h(i)) denotes the circulant matrix with first column h(7). Taking the discrete

Fourier transform (DFT) of both sides of (3.7), we obtain

x(i) = D(g(i)t(i) + w(i), (3.8)

where x(7), t(i) and w(i) denote DFTs of y(i), s(i) and v(i), respectively, and

g(i) = VNFh(i). We refer to the elements in ¢(i) as virtual subcarriers.

3.4 Frequency-Domain Turbo Equalization

3.4.1 MMSE Estimation of Virtual Subcarriers

For notational brevity, the symbol index (i) will be suppressed for the remainder
of this section. In our VSB model, the time-domain symbols s are real valued, so

that the virtual subcarriers exhibit conjugate symmetry, i.e.,

t* 0,
e ne{03 o (3.9)
o me{l2.  Y_1

Using this fact, (3.8) can be rewritten with ¢ € CN/2+1;

x = Ht+w, (3.10)
N
t, = tn ne{O,...,;} (3.11)
" 00 0 ]
0 o 0 0
0 gy O 0
H = | 0 0 (3.12)
; 0 gnje
0 - 0 97V/2+1 0
L 0 -0 0 gnyp |
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where
(

Tn n=>0
x =2k ke{l,.... X1
z, = Nk SRR (3.13)
TN n=N-—1
\ 2
>
Wy, n=>0
x =2 ke{l,.... X -1
w, = Nk { 2 N} . (3.14)
\w% n=N-—1.

Essentially, (3.10) removes the redundancy inherent in the VSB system model (3.8).
We note that, with bandlimited VSB pulse shapes, some entries in  may contain
little signal energy. To reduce complexity, these elements could be ignored when
estimating ¢. Doing so would require only that certain rows be omitted from x, w,
and H.

We use a linear MMSE technique to estimate the virtual subcarrier vector ¢, where
we incorporate prior statistics on t (i.e., mean and covariance) calculated from the
MAP decoder outputs during the previous iteration. To simplify equalization task,
similar as in (2.11), we approximate E{(t —%)(t — )} by the diagonal matrix D(v;),
where v, := diag(E [(t — ©)(t — £)”]). Therefore, the MMSE estimate of t € C/2*!

can be computed as

|e>

=T+ D(v) HT (K D(w)H + 0%In) " (& — HE) (3.15)
:;rG
where ¢ := E{t}. For the first iteration, we set £(i) = 0 and v,(i) = 1. Due to the

sparse structure of H, (3.15) can be computed via

( 2 —

gk + %Ik

Pl =0
5 gul* + o
= % ke o2 (3.16)

91Tk + GN-kTN_j T 5t

F— 1<k< A7
o Flov P+ 2
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where v, := [v,],. From %, we reconstruct ¢ via (3.9) and (3.11).
3.4.2 Generation of MAP Inputs

The soft information that is passed to the MAP decoder is computed from the
conditional probabilities {p(8,|s, = $)}ses, where S denotes the symbol alphabet.
Here we describe how these conditional probabilities are generated from the equalizer
outputs, and how they are passed to the decoder.

Assuming Gaussian-distributed symbol estimation error,

planlsa =3 = e (L) (3.17)

Nz 207,
Uns = E[8,]s, =] (3.18)
oh, = var[S,|s, = s. (3.19)

It is shown in Appendix 3.A that u, and o, , can be calculated as

(5= 5n) =
Ups = Sn+ = dy (3.20)
N k=0
1 N-1
Tns ™ N > (|dxl*n + by (3.21)
k=0

where 5, := E{s, }, and di, by, 0, are defined in Appendix 3.A.

With TCM, a subset of the bits that determine each symbol are left uncoded, and
this influences the way that soft information is passed to and from the MAP decoder.
Let us represent s, € S via s, = [e,, b,], where ¢, € {0,1}™ and b, € {0,1}™
are vectors of coded and uncoded bits, respectively. Since the ATSC standard does

not employ bit-level random interleaving, we will not assume that the bits in ¢, are
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independent. As a result, we pass {p(8,|c, = ¢),Ve} to the MAP decoder, where
p(8nlcn = )
= Y pl8ale, = ¢, b, = b)P(b, = blc, = c) (3.22)
b
= Z p(3n|cn = ¢, b, = b)27™ (3.23)
= 27 Z (80|80 = 5) (3.24)

seS(e

and where S(c¢) denotes the subset of § corresponding to bits c.

3.4.3 Update of Virtual Subcarrier Statistics

MAP decoding yields the posterior probabilities { P(e, = ¢|$§), Ve}, which can be
combined with information on the uncoded bits to update the symbol means and

variances for use in the next turbo iteration. With the correspondence s = [, b], we

have
P(s|3) = P(ble,3)P(c|3) (3.25)
p@";(?'g(b'c)za(cm) (3.26)

= el e 2

Zsfei((f|is9)(§|5')P<C|é)7 (3.28)

where we used the shorthand P(ble,3) = P(b, = ble, = ¢,8). For (3.28), we

assumed that P(b, = b|c,, = ¢) is uniform over b.
The posteriors {P(s, = $|8)}ses from (3.28) are then used to update the mean

and variance of s,, as follows.

S0 = E[sa8] = ) sP(s, = s|3) (3.29)
seS

v, = var[s,|8] = Y |s—5,*P(s, = s/3). (3.30)
SES
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Assuming that {s,} are uncorrelated, the mean and variance of the virtual sub-

carriers {t,} become

t .= E{t} = Fs (3.31)
v, = diag(E[(t —T)(t—1)"]) (3.32)
= diag(FD(v,)F"). (3.33)

Since (3.33) implies that all the elements in v, are identical, the variance calculation

can be simplified to

=2

1
T O U VR (3.34)

’Utk =

i{ng

3.5 Modified Adaptive Frequency-Domain Channel Estima-
tion

In this section, we modify the AFDCE algorithm proposed in Chapter 2 to exploit
the property of VSB modulation. Though (2.8) and (3.8) appear the same at the first
glance, there is a big difference between them due to VSB modulation. In both
cases, g(i) is the FFT of h(i), however, in (2.8), we assume that E[h;(i)h1,(i +q)] =
o7 Pgdp, While in (3.8), by, = SO, Cnibre and we assume Elcg(i)coy, (i 4 q)] = 02 Pglp.
Therefore, the influence of the composite PSF {b;,} should be taken into account in
designing the channel estimator.

Consider the CIR h(t,7) given by equation (3.1). Taking the Fourier transform

on both sides w.r.t the 7 variable, we obtain

g(t, f) = C(t, f)B(f), (3.35)
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where ¢(t, f) and B(f) are continuous Fourier transform of ¢(¢,7) and b(7) respec-
tively, and C(t, f) = >, co(t)e ™9™, Evaluating g(¢, f) at discrete time and fre-
quency points and defining gy (i) = g(iNT, £ £,), cx(i) = c(iNTo, & £,), by = b(& 1),

where f, is the sampling frequency, we obtain

Substitute (3.36) into (3.8), we can set up the state space model for VSB modulated

system as
ci(i) = Ay, (i — 1) + ni(4) (3.37)
7x(1) = byt (i)cr (i) + wi(7) (3.38)
where ¢, (i) = [cx(i),cp(i — 1), -+ ,cp(i — M + 1)]T, n,.(1) = [m(0), 0, - 01, . (4) ~

CN(0, O’%). Given the channel statistics, A and ag can be obtained via the Yule-Walker

method [70].

Then it follows that the Kalman filtering process is carried out through:

(i) = Pu(i)bifi(i) i, (bubu(0)if Pu(i)ird(i)bf + 02(1) " (3.39)

er(i) = (i) — bptp(d)iy € (3| Xnio1) (3.40)

€ (il Xni) = &I i) + en(1) g (i) (3.41)

& (i + 1 Xk) = A& (i| Xy (3.42)
Pii+1) = A(I- q(i)byti(i)i] ) Pr(i) A" + D(a?) (3.43)
Ge(i4+1) = brit’e, (i + 1| X), (3.44)

Finally across-tone CE refinement and AR model coefficients adaptation can be im-

plemented on {€,(7|X};)} similar as in Chapter 2.
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In the following, we describe a technique to reduce the computational cost of
AFDCE by leveraging the property of VSB modulation. As can be seen from Fig. 3.4,
almost half spectrum of the channel is suppressed by the PSF, therefore we can
ignore those channel coefficients with small energy to simplify computation without
sacrificing much performance. Here we examine the relationship between performance
loss and the threshold which is used to decide whether the kth tap cx (i) is set to zero
directly or need to be estimated by AFDCE. Particulary, we focus on analyzing the
initial state of Kalman filtering, which is equivalent to analyze a MMSE estimator,
since a good start is the key to guarantee the success of joint IFDE/AFDCE for the
subsequent symbols.

Given (3.38), the MMSE estimate ¢;(7) and estimation errors are defined as

A

E{Jew(i)*H;
v

B |
byt (3) E{Jck ()]
E{|er (i) — cr(i)]?} =

(4)b}
k(0)b} + 0
Eflex(i)[*}o
(i[5 (0) 2 B ek (1)} + 0

&(i) j 2y (i), (3.45)

(3.46)

Note if (i) is set to 0, E{|¢x(i) — cx(i)|?} = E{|c(¢)|*}. Denote the extra MMSE

ratio as k, then it is clear that

E{lc(9)]*} o bl P E{ler (1)}
B (P)? =1 2 (3.47)

b PGP Elles (0P} + S ~- g
|bg |

Since we assume E{[c;(¢)]*} = 1 and E{|t;(¢)|*} = 1 while 02 = 1, therefore & o< 25~
Fix k, the threshold I' is determined by I' = ko2. Therefore, only those channel
coefficients {c. (i), k € K} will be tracked through AFDCE, where K = {k, |b|? > T'},
while other channel coefficients will be set to 0 directly. This technique reduces the

computational cost roughly by half.
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3.6 Numerical Results

In this section, we compare the performance and complexity of the proposed
FDTE with that of the DFE-plus-Viterbi-decoding (DFE-VD) method proposed by
Ariyavisitakul and Li [79] using the fast DFE filter update proposed by Al-Dhahir
and Cioffi [80]. In the DFE-VD scheme, the (delayed) Viterbi estimates are fed to
adequately-delayed DFE feedback taps, while sub-optimal symbol-by-symbol deci-
sions are fed to the DFE feedback taps corresponding to shorter delays. In addition,
we compare the performance and complexity of the modified AFDCE with FDLMS

algorithm [70], which is widely used in tracking slow fading channels.
3.6.1 Simulation Setup

For performance comparison, we used the three propagation models summarized
in Table 3.1. These were chosen similar to the ATSC R2.2 ensembles from [81]. Six
paths were employed, each with a different delay, and with either a constant phase
offset or a single-sided Doppler frequency spread of f; = 50Hz. With the ATSC
sampling rate T, ' = 10.76MHz, this corresponds to a normalized Doppler spread
faTs = 0.000005. The relative attenuations of the reflected paths vary among the
three propagation models in Table 3.1; channel #1 is the least selective channel, #2
is the most time-selective, and #3 is the most frequency selective. To create the
{hni}E,, we generated propagation responses using Jakes method [82] and convolved
them with the PSF, using an overall channel order of L = 511.

We assumed an 8-VSB modulated single-carrier system (i.e., no CP) that used
rate-2/3 Ungerboeck coding with constraint length 3 [83]. For perfect CSI case, the

receiver was assumed to have perfect knowledge of the CIR during the middle of each
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N-length block. Otherwise, estimated CIR was used for symbol detection purpose.
For FDTE/AFDCE, we used N = 2048 and N; = N/2, and we reconstructed a CP
of length L. Meanwhile we set the maximum iteration number to be 5. For DFE-
VD/FDLMS, we updated the filter coefficients once every Ny symbols, and we used
a feedforward filter of length Ny = 2(L + 1) and a feedback filter of length L. The
feedback filter length allows perfect post-cursor ISI cancellation, and the feedforward
filter length was chosen so that further increases yielded little improvement in BER
performance. The DFE-VD decoding delay was 30. For FDLMS, the step size was set
to be 0.0005. For all the simulations, we averaged 20 realizations of 100 contiguous

data blocks preceded by a pilot block (to initialize channel estimates).
3.6.2 Performance Assessment

Figure 3.6 shows the BER performance of FDTE and DFE-VD with perfect CSI
(denoted by Perfect FDTE and Perfect DFE), FDTE/AHKCE and DFE-VD/FDLMS.
From Fig. 3.6, we can see that, after 5 iterations, FDTE outperforms DFE-VD by
1dB (in SNR) approximately when perfect CSI is available. At BER= 107%, there
is less than 1dB loss between FDTE/AHKCE and FDTE with perfect CSI, and
FDTE/AHKCE achieves about 1dB gain over DFE-VD/FDLMS .

Figure 3.7 and Fig. 3.8 show the BER and steady state symbol estimation MSE
performance of FDTE/AHKCE versus FDTE/FDLMS. From Fig. 3.7, we can see that
FDTE/AHKCE performs better than FDTE/FDLMS in all the scenario, especially in
the most time selective case. Figure 3.8 demonstrates that FDTE/AHKCE achieves

lower steady state MSE than FDTE/FDLMS.
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Figure 3.9 shows the symbol estimation MSE after CPR. Here CPR_H denotes
CPR with perfect known CSI, CPR_Hhat denotes CPR with predicted channel output
from AHKCE. Note both MSE measurements of CPR_H and CPR_Hhat are took right
before the first iteration of FDTE algorithm, where the symbols located at the end
of block are estimated through a simple FDE (it is equivalent to MMSE estimator
described in section 3.4.1 without any priors ). Since those symbol estimates are
noisy, therefore the MSE of CPR are higher than 0.01 ( noise variance at 20dB ) at
pass band of VSB filter. CPR_CE denotes CPR with channel estimates and symbol
estimates right before the AFDCE. In this case, symbol estimates output from FDTE
are much more reliable, therefore, the MSE of CPR are close to 0.01. As illustrated
in Fig. 3.9, symbol estimation errors take a more important role in influencing the
CPR performance than channel estimation error. As a result, we combat the CPR
error before FDTE through block overlapping idea, while ignore the CPR error in
AFDCE.

Table 3.2 specifies the cost to generate Ny symbol estimates for fast DFE-VD (with
feedback filter length L) and for FDTE (per iteration). Meanwhile, it also specifies
the cost to update channel estimates once per N, symbols for AFDCE and FDLMS
algorithm, where N, denotes the number of active sub-carriers tracked by AFDCE.
Figure 3.10 plots DFE-VD and FDTE complexity for the same design choices used
in Fig. 3.65, i.e., FDTE with CP length L, N = 4(L + 1), Ny = N/2, and 5 iter-
ations; and DFE-VD with Ny = 2(L + 1). We see that, when the channel order
L > 64, the FDTE is cheaper to implement than the fast DFE-VD. Practical DTV
receivers need to handle channels of order L ~ 511, in which case the FDTE is

6We assume that 1 division is equivalent to 10 multiplications when we generate those plots,
which is a reasonable assumption when finite precision is applied in practical implementations.
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Table 3.1: DTV Propagation Models.
| path delay  [-1.8us| Ous [0.15us| 1.8us | 5.7us | 39.8us |
chan gain || —8 dB|0 dB|—3 dB|—4 dB|—3 dB|—-12 dB
#1 |Doppler || 125° | 0° | 80° 45° |50 Hz | 90°
chan gain || —8 dB|0 dB|—3 dB|—4 dB|—3 dB|—-12 dB
#2 |Doppler | 50 Hz | 0° |50 Hz |50 Hz |50 Hz| 50 Hz
chan gain ||—3 dB|0 dB|—1 dB|—1 dB|—-3 dB| —9 dB
#3 |Doppler || 125° | 0° | 80° 45° |50 Hz | 90°

an order of magnitude cheaper than DFE-VD. Figure 3.11 compares the computa-
tional complexity of AFDCE versus FDLMS, where we assumed N, = N/2 approxi-
mately. It can be seen that both curves demonstrate increasing slope of order log,(N),
while AFDCE is about 2 times more complex than FDLMS as N increase. However,
combine Figure 3.10 with Figure 3.11, we can see that the computation complex-
ity of FDTE/AFDCE scheme is an order-of-magnitude lower than DFE-VD /FDLMS
scheme as N > 512, since the computation complexity of channel equalization is the

dominating factor.

3.7 Conclusions

We presented a FDTE/AFDCE scheme suitable for TCVSB modulation, as is
used in the ATSC DTV standard. Simulations show that it outperforms the fast
DFE-VD/FDLMS approach while maintaining up to an order-of-magnitude lower

complexity.
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Figure 3.6: BER performance comparison for DFE-VD/FDLMS
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Table 3.2: Computational Complexity (per Ny symbols).

‘algorithm H real x ‘ real + ‘ exp ‘ log‘
FDTE 54.5N + 6N log,(N) + 11 6.5N +3 |12N |4N
14N;L + 30.5Ny + 0.5NJ%
DFE-VD —|—2Nf + 2NfND + LNp 2Nf 4+ Ng| O 0
+8N, — L? —12L — 21
AFDCE N,(4M? + 12M + 19) + 6N log,(N) N,
(from ATCR) + 8M N log,(N) 0 0 [0
(from ATARMC) | + M?N,+ TMN, + %M?’ + 3M? 1
FDLMS 14N logy(N) + 10N 0 0 0
s Complexity Comparison
10 . : :
—%—FDTE
- & — DFE-VD
3 10' R
2 -
P -7
L -
210°p v
1
@/
/
K
1072 . : : : .
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Figure 3.10: Computational complexity (per symbol).
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Appendix

3.A Derivation of Conditional Mean and Variance

Symbol estimates s can be calculated by taking the inverse FFT of the virtual
subcarriers,

5= F"t.

where by the conjugate symmetric property (3.9), t is

; t
t= { ,]_,1,* } , J= [O(%—l)xl H%—l 0(1;7—1)><1 ) (3.48)
0 0 1
0 1 0
H%_l : ; (3.49)
1 0

Observe the special structure of G and H, we can rewrite J& as

JE = JT 4+ D(Jvy) (JG) (" — H* T IT).

(3.50)
Combine (3.48), (3.15) and (3.50), we rewrite £ as
t =1+ Dv,)G(& — HE), (3.51)
where
GZ{CO;J(C)J*]’ ﬂ:[?HPJH]’ (3:52)
E:{Ji*}:ﬁ, w:[;f] (3.53)
It follows that
5 =3+ F"D(v,)G(z — HI), (3.54)
$p = 5n + 1T FP D(v,)G(2 — HI)
=5, + 1Y FH D(v, ) GHF (s — 5) + i’ F¥ D(v,)Gw, (3.55)
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where w = [ w!? w! }T. Therefore,

E [3,]5, = 5] = 5, + i F¥ D(v,)GH Fi,(s — 5,)

g
=5, +i FY'GFi,(s — 5,)
5 — 5, n=
=St > dy, (3.56)
k=0
where
2
ol be {0,872},
> + o=
dy = o Utk 5 (3.57)
el + lgv—ul? + 2
var [8,]s, = s] = E[|8, — E [8,]s, = s] || (3.58)
=E[[i/FIGF (s -3 —i,(s — 5,)) + i F" D(v,) Gw|?] (3.59)
=i F'GE [F(s — 8 —tn(Sn—5n)) (8 =5 —in(sy — §n))HFH] G"Fi,
+ i FED(v)G D(0%)G" D(v,) Fi, (3.60)
1 N-1
~ 7 D (1T + o*by), (3.61)
k=0
where
2
B ke {0,N/2),
, (lgrl* + 7-)? (3.62)
b |9x> + lgn—&/? ‘

k¢ {0,N/2},

(lgx|* + lgn—&|* + %)2’

) 1
by = N;”Sk’ (3.63)

and v, := var{s,}. Here we have applied the approximation that
E [F(s — 5 — (50— 52)) (5 — 5 — dn(sn — En))HFH] (3.64)
~D (diag(E [F(s — 5 = (50— 50)) (5 — 5 — dn(50 — gn))HFH} )) (3.65)
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3.B 8-VSB Pule Shape

In this section we review the pulse shapes used by the 8-VSB TV systems [84]. The
8-VSB DTV transmitter uses a transmit pulse shaping filter with spectrum shifted
root-raised cosine response. The transmit filter is denoted by a(t). The receiver uses
a*(—t) as the matched filter, which is optimal for AWGN channel.

Let T' denote the symbol period and 1/7" is the symbol rate, define

F,=—. 3.66
5T (3.66)

The roll-off factor for 8-VSB standard is § = 0.115.

3.B.1 Root-Raised Cosine Pulse

The time domain response of general RRC is defined as

R, sin;a(l_—ﬁ )%’st) + P eos(r(1 4 B)F)| . (3.67)

" 1— (48F.t)? (1-5)

arrc(t)

which has a symmetric spectrum around frequency 0Hz. The PSF a(t) is £ shifted

version of agrc(t), which is defined as
a(t) = ™ agpa(t). (3.68)
It is straightforward to show that
a(t) = a*(—t), (3.69)

(3.69) means that the pulse shape a(t) is Hermitian symmetric, therefore the receiver

filter is the same as the transmit filer. The Fourier transform of a(t) is:

1 brR.<f<(1-9F,
A(f) =1 cos(Zmlf —(1=5)F) (1-5F <f<(1+5)F, (3.70)
cos(gZ[f — 5F)) SR <f<?F,

which implies that a(t) has a roughly flat spectrum of width F and centers at %
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3.B.2 Raised Cosine Pulse

The convolution of the transmit and receive filter is denoted by b(t) and the

composite pulse shape is given by

The general RC filter is defined as

_ sin(nFt) cos(m3Ft)
brre(t) = Fi TFt(1— (20Ft)?)

b(t) is £ shifted version of bre(t), which is defined as

b(t) = 6j7TFStbRRC (t) .

b(t) has the Fourier transform:

! SFR.<f<(1-9F
b(f) = { 05 [L+eos(Flf (1= DA 1-HR<fF<1+DF
0.5 |1+ sin(5; /)] _8F, < f< R,
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CHAPTER 4

FREQUENCY-DOMAIN EQUALIZATION OF VERY
FAST FADING FREQUENCY-SELECTIVE CHANNELS

4.1 Introduction

The FDE techniques discussed in previous chapters assume a delay-spread channel
whose impulse response varies only moderately quickly. Some applications, however,
have channels with more significant time variation, i.e., significant Doppler spread.
For such doubly dispersive channels, the standard approach to FDE (i.e., pointwise
multiplication in the frequency-domain) fails when the channel varies significantly
over the FF'T block duration. Essentially, the channel variation induces significant
off-main-diagonal coefficients in the frequency domain channel matrix, which leads to
ICI (virtual ICI) in multi-carrier (single-carrier) transmission systems. In response,
several equalization schemes for doubly dispersed CP-OFDM have been proposed
(see, e.g., [85-89] and the references within). While most of these schemes are com-
putationally intensive, [88] maintains per-symbol processing complexity logarithmic
in the block length, in keeping with the spirit of FDE. In addition, [88] exploits the
finite-alphabet property of frequency-domain symbols, allowing its performance to

surpass that of MMSE linear equalization. The CP-OFDM FDE scheme [88] was
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extended to SCCP in [90]. Though the SCCP FDE scheme [90] is complicated by
the fact that the finite-alphabet property resides in the time domain, it nevertheless
maintains the desired logarithmic per-symbol processing complexity.

Though capable of FDE on doubly dispersive channels, the algorithms [85-88]
and [90] require block-based transmissions with an adequate inter-block guard inter-
val. While [89] does not require a guard, its complexity scaling properties restrict its
application to channels with mild spreading. Thus, one might wonder: Is it possible
to build a FDE algorithm for single-carrier continuous-stream modulation over dou-
bly dispersive channels that exhibits logarithmic complexity scaling? If so, such an
algorithm would present an efficient frequency-domain alternative to the time-domain
equalization approaches that are commonly used in doubly selective single-carrier re-
ceivers (e.g., for North American terrestrial digital television [91] and underwater
acoustic communication [92]).

In this chapter, we propose joint pilot-aided CE (PACE) and IFDE for the recep-
tion of a continuous finite-alphabet stream corrupted by a noisy and doubly dispersive
channel. First, motivated by [44], we derive a MMSE channel estimator, which di-
rectly utilize the pilot symbols to estimate the significant frequency domain channel
coefficients during the data symbols’ transmission in between and then feeds those
estimates to enable IFDE. Then, we present the IFDE. In brief, the algorithm first
parses the received time-domain signals into blocks which are first windowed and then
transformed into the frequency domain by an FFT. The window is designed so that
both channel variations and the lack-of-CP manifest as a sparse frequency-domain
response. A low-complexity serial technique is then applied to equalize the channel

response in the presence of off-main-diagonal channel coefficients, and the output is
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transformed back to the time domain, yielding soft symbol estimates. Using the finite-
alphabet symbol property, reliability information on these soft estimates is computed
for use in another round of (frequency-domain) equalization and interference cancel-
lation. The time- and frequency-domain steps are alternated until the soft symbols
estimates converge.

Simulation results demonstrate superb performance of IFDE algorithm with or
without the influence of channel estimation error. When perfect CSI is available, our
IFDE algorithm’s performance is compared to that of the FIR-MMSE-DFE [93], a
well-known benchmark, as well as to that of the matched filter bound (MFB) [94]—
the “holy grail” of uncoded equalization. We find that our IFDE performs 1 dB worse
than the MFB, and several dB better than the FIR-MMSE-DFE, over the SNR range
of interest. When CSI is not available, the joint IFDE/CE scheme is compared with
FIR-MMSE-DFE plus RLS based CE (RLS-CE) scheme, which is the state-of-art
technique in tracking and equalizing fast time-varying channels [95]. It turns out
that our IFDE/CE scheme can handle faster fading and perform better than FIR-
MMSE-DFE/RLS-CE. In addition, we analyze the number of multiplications required
by our IFDE and compare it to that of the FIR-MMSE-DFE updated using a fast
algorithm. We find that our IFDE has complexity advantages over the FIR-MMSE-
DFE for channels of a reasonable length.

The chapter is organized as follows. Section 4.2 gives the system model (in time-
and frequency- domains), Section 4.3, 4.4 and 4.5 describe our IFDE scheme and the
PACE algorithm. Section 4.6 presents our fast IFDE implementation. Section 4.7

reports the results of numerical studies, and section 4.8 concludes.
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4.2 System Model

g-1 th Frame g-th Frame q+1 th Frame

. T Data T Data T Data T :

Figure 4.1: Frame structure of transmitted signal.

We consider identification and equalization of a doubly-selective channel when
the transmitted signal is an infinite stream of frames, where each frame consists of a
pilot block followed by a data block as shown in Fig. 4.1. Channel identification of
current frame is accomplished using pilot blocks of current and the next consecutive
frame. The length-N, pilot block is assumed to have a Kronecker delta structure
with N, = 2N}, where N}, is the channel delay spread. The length-QN data block
consists of a stream of finite-alphabet symbols {s,}, since we adopts single-carrier
modulation. For simplicity of presentation, we assume N = N,, therefore the frame
length Ny = (Q + 1)N. We use S := {s\1"% " to denote the pilot portion of
the ¢g-th transmission frame and Séq) = {sgq)}nNi J_Vi to denote the corresponding data
portion. The Kronecker pattern implies that s = 0 for 0 <n < N,—1 and
Np+1<n < N,—1, and that 35\2 = v/2N},. The complete set of samples transmitted

during the p-th frame is denoted by S@ = S US\Y = {5} ! and the multi-

e
frame transmitted signal {s,} is defined by s, := s<:>N :
7

The channel is described by its time-variant discrete impulse response h,, ;, defined

as the time-n response to an impulse applied at time n—I[. We assume a causal impulse

85



response of length Nj,. The signal observed by the receiver is
Ny—1
Pno= Vot > huisas (4.1)
where v,, denotes samples of zero-mean CWGN with variance o?. We assume WS-
SUS [94] so that E{hn b} _, ;. } = pe0i,0m. Here, p, denotes the normalized auto-
correlation (i.e., pp = 1) and 0}2” denotes the variance of the channel at delay I*".

To facilitate the block-based FDE processing, we first segment the ¢th received
frame into overlapping blocks of length N, and then window each block by a pulse
shaping filter {b,}2t," so as to mitigate ICI. Those windowed N, samples are trans-
formed into frequency domain with spacing P %, where IFDE is applied and N most
reliable symbol estimates are detected and output. Therefore, the consecutive pro-
cessing blocks are of shift N. The remainder of this section establishes the block-
based frequency-domain equivalent of (4.1). At each block index i € Z, the receiver

windows an iN-shifted version of the time-domain observation {r,} and applies a

DFT with frequency spacing P % yielding the i*"-block frequency domain observation

{za(i)}a25 "

eI P, (4.2)

Elq)(l) = \/— Z TzN—i—N b

Note that the window length N, is arbitrary. The offset IV, in (4.2) is set to satisfy

the condition that {x&q)(()) PN 1 yvields output {sn },ZLV”TVN " (the estimates of the first

N data symbols of ¢g-th frame) after channel equalization. For convenience, we define

sO@G) = s, .., ne{0,...,PN-1} (4.3)
1 nef{0,...,PN —1},
a, =
0 else,
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noting that {a,} specifies a PN-length rectangular window and that
sz(?VJrNoJrn Z Sim @ — PU) P (4.4)
{=—00
Equation (4.4) says that, for a particular 4, the transmitted sequence {s;n+n,+n} can
be constructed using P N-sample shifts of the disjoint subsequences {sg (i—Pe)} PN

for ¢ € Z. Combining (4.1)-(4.4), we find

PN-1 Np—1

- 27
1) (i) = w (i Z bn Z h2N+No+nl Z Sn (i — Pl)agpnn—ie” ' PN"

f=—0c0
(4.5)
PN—-1
- 27
wc(lq) Z b VN+N eI, (4.6)
Frequency-domain equalization involves the i**-block wvirtual subcarriers {t (i)} ",
where
AR
(9) _ (@) (5 p—i 2=k
(1) = ——= spl(1)e /PN 4.7
06 = a2 0 (@.7)

Equation (4.7) implies that s\ (i) = —4< SEN"1 49 (i)ed 2wk for n € {0,..., PN —

1}. Using this in (4.5) gives

oo PN-1
eP0) = w0+ Y Y 66— POHY, (i, 0) (4.8)
l=—00 k=0
Np—1
. _j2m n
Hé?zz(%f) = PN Z Z h2N+No+nlb A¢pN+n—1 € Py (kltnd) (49)
n =0

Equation (4.8) indicates that H é?,z(i,f) can be interpreted as the response, at DFT
output k + d in block 7, to a frequency-domain impulse applied at virtual subcarrier
k in block i — £.

In practice we implement a causal length- N, window {b,} implying that, for any
i, only a finite number of terms in the set {Hé?,z(i,ﬁ),ﬁ € Z} will be non-zero.
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Specifically, (4.9) implies that non-zero terms result from indices ¢ which satisfy
0 <{NP+n—1<PN-1forsomen € {0,...,N,—1} and some [ € {0,..., N,—1}.
It is straightforward to show that H é?,z (4, /) is non-zero for £ € {—Lypye, . .., Lpst} Where

Loe = — |22t ] and Ly, = 255222,

With the definitions (@ (i) == [z (1), ..., 2% _ (D)7, wD (i) := [w{?G), ..., 0D _,

tO(0) = [ (), i ()] 896) = (587 (0), sy (D), and [HG, O] =
H éq_)m(i, 0), (4.8) implies the LTV multiple-input multiple-output (MIMO) system
Lpst
(i) = w()+ Y HOGOL (i~ Pe). (4.10)
ZZ_Lpre

For any i, nonzero {H? (i, )}z cause inter-block interference (IBI) and nonzero
off-diagonal elements of {H(i,0)} cause ICI among the virtual subcarriers. In the
sequel, we refer to {H'9 (i, €)},<o as pre-cursor IBI and {H? (4, £)} ;-0 as post-cursor
IBI.

It will sometimes be convenient to write the windowed frequency-domain noise

vector w'@ (i) as

w9(i) = FJD(b)v(i) (4.11)
:=C
I,
J = [IPN oo Ipy N ] (4.12)
OpN_N,xN,

where F denotes the PN-point unitary DFT matrix, N, = (N}) 5y, and the number
of Ipy matrices in J is LI])V—]H
For notational brevity, we omit the frame index ¢ in the rest of the paper ex-

cept section 4.4, where a MMSE estimator is derived to leverage the pilot blocks of

successive frames to estimate the channel in between.
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4.3 Max-SINR Window Design

>

Figure 4.2: Desired “banded” structure of matrix H(i,0).

The choice of window {b,} affects the IBI/ICI patterns of the MIMO system
(4.10). Motivated by the low-pass nature of typical Doppler spectra, we aim to find
{b,} such that the “cursor” coefficient H(,0) has the banded structure illustrated
in Fig. 4.2 and the IBI coefficients {H (3, {) }¢20 vanish. This approach can be viewed
as the frequency-domain dual of inter-symbol interference (ISI) response shortening
used to reduce the complexity of maximum likelihood sequence detection (MLSD) [96].
For our purposes, the goal of time-domain windowing is to give the channel a sparse
structure that leads to low-complexity estimation of ¢(7), and hence, low-complexity
detection of s(i). We choose time-domain windowing, rather than a general matrix
operation on the received signal, due to its low complexity. Since complete cancella-
tion of out-of-target ICI/IBI is, in general, not possible with time-domain windowing,
we choose to maximize signal to interference-plus-noise ratio (SINR) as a means of
suppressing residual IBI/ICI.

We define SINR by & /&y, where & =), &4 and &y = >, Enia. For each z4(i),
&4 is defined as the signal energy contributed by neighboring carriers {t, (i)},

and &, 4 is defined as the interference-plus-noise energy contributed by non-neighboring
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carriers {t;(i)}—0 " U {tx (i)} po1s non-cursor carriers {tx(j)};z, and additive
noise w(i). Note that indices here are taken modulo-PN. The ICI radius D is
typically chosen as D = [fyT PN, where f4T5 is the maximum Doppler frequency
normalized to the symbol rate. Using the approach outlined in [97], we find that the

SINR-maximizing window b, is given by

b" (R, ® Dy ® Ag)b
b, = arg max
b:||b||2= _pn b (021+Rb®Cb®At—Rb®Db®As)b
= ’U*(RbQDb@AS, O'2I+Rb@Cb@At—Rb@Db®AS) . \/P]V(413>

where R, As, Cy, Dy and A, are N, x N, matrices defined element-wise as [Rb]m,n =
Pr—ms [As]mm = l]iho ! otan_jak, [Cb]m,n = Ofn—m) py > [Db]m,n = ﬁ sin( g5 (2D+
1)(n—m))/ sin(Ze(n —m)) and [Ad,,,, = X, T 0Fagpinitip s In
(4.13), v, (B, C) denotes the principle generalized eigenvector [98] of the matrix pair
(B, C). Through max-SINR windowing and proper selection of other design param-
eters, the IBI and non-neighboring ICI can be made small enough to base the symbol

detection procedure on the following approximate system model.
x(i) ~ M(i,0)t(i) + Cv(i). (4.14)

As an alternative, the design parameters (e.g., block length PN) could be cho-
sen to yield non-negligible post-cursor IBI, which could then be canceled using block
decision-feedback equalization (BDFE). In this case, the window should be designed to
suppress only ICI and pre-cursor IBI, implying [A],,, ,, :== Zé——LPre :h UlzagPN+n_laZPN+m_l.
Figure 4.3 plots windows for both BDFE and non-BDFE cases at fyTs € {0.001,0.0075}.
In generating Fig. 4.3, we assumed N, = 64, PN = 256, N, = PN + N, — 1,

SNR= 10dB, and ¢? = N, ', which are typical choices for the numerical results in
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section 4.7. Assuming reliable post-cursor IBI cancellation, (4.14) would still describe

the model used for detection of symbols in the current block.

. ‘ ‘ (a)

T
— — -BDFE
no BDFE

T
— — -BDFE
no BDFE

Figure 4.3: Example window shapes for PN = 256, N, = 64, SNR=10dB and (a)
faTu = 0.001, (b) foTy = 0.0075.

While windowing gives a sparse channel response that enables a reduced com-
plexity symbol detection procedure, it can lead to a non-uniform collection of energy
from symbols in the current block. Specifically, it is shown in Appendix 4.A that the

energy in (i) contributed by s, () is

PN-1 PN-1 2

: I iem
gss,n = Z E Z Hd—k,k(za O) ' € jgN ksn(l)
d=0 k=0

3

Np—1

= ) b’ (4.15)

=0

which is clearly dependent on n, the symbol position within the block. This implies
that, for typical max-SINR window shapes, we will collect less energy from symbols
near the block edges. This phenomenon motivates the block-overlapping procedure
proposed in section 4.5.
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4.4 Pilot-Aided Channel Estimation

In this section, we will assume that the pulse {b,} is designed properly such that
(4.14) is a valid approximate system model for symbol detection purpose. In addition,
we are only interested in estimating PN (2D + 1) coefficients out of (7, 0), which are
within the shaded region of Fig. 4.2, since only them will be exploited by our proposed
IFDE algorithm in section 4.5. In [44], several methods for the pilot-aided estimation
of significant ICI coefficients resulting from pulse-shaped multicarrier modulation over
doubly selective channels are proposed. Inspired by [44], we will derive the MMSE
estimator which fits into the single-carrier transmission systems discussed here.

First we define some quantities that follow from our pilot pattern. Say that we
are interested in estimating {H@ (i,0)}25" through the pilot block S and SV,

for these 7 and ¢ we can write

i = [, s el (4.16)
h;()q) = [hg\%{,m hg\(/l'i—l—l,l? T hg\)/h—LNh—ﬂT (4-17>
v =, v s Vel (4.18)
r@ = \/2N,hl? + W (4.19)

where (4.19) follows from the Kronecker pattern of the pilot block. Define f,(,q) =

T T T T
[r,(,q) : 74'()q+1) 17, E,()q) = [héq)T’ héq+1)T]T and qu) = [yf,q) , u,(,‘”l) |%, then it is clear
that

o) = /QNhhgq) + 0 (4.20)
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Same as in [44], for convenience, we collect those PN (2D + 1) significant ICI

coefficients into g\? (i) € CPN@D+D).
g} (i) = [diag_p,(H(,0))", -+, diag, (K (i,0))")" (4.21)

where diag, () extracts the kth sub-diagonal of matrix, i.e.,
diagy, (M) == [Hro, Hrr11, - - » Hirpv-1.pn-1)7 with modulo-N indexing assumed.

By setting ¢ = 0 in (4.9), we can show that
g% (i) = Coh (i), (4.22)

where Cp € CENCPH)XNNL) and b9 (3) € CNeMe are defined element-wise as

1 2 (| (m |
[CD]n’m = ﬁ@m)%a(m)m_{%Je jPNqNbJ h >Nb(LP J Y (4’23>
b
@ — @
(R D (i), : h<m>Nb+No+iN{NﬂbJ (4.24)

Here we have utilized the trick that (n),, = k. Note that h® (i) contains all time-

domain impulse response coefficients affecting H? (7,0). Our goal is to estimate

T T
g'0 =g ), gW), -, gW(Q-1)

bol detection, from f,()q), the pilot observations.

T
|7, which are required for coherent sym-

The linear MMSE estimation of g{¢) from ri? is [70]

gy = Rgp R, 10 (4.25)
— Elg@p@T @, @ . )
where Rg, 1= Elg p'Ip | and R, . = E[rp”ry” |. Note that for stationary chan

nel considered here, Ry, and R, , are unrelated with frame index ¢, therefore we

only need to compute Rgr R, ! once and store them for future use, which greatly
Z=p  Ipp
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reduces the computational cost of PACE. From (4.19) and (4.22), we know that

R(070) R(071)

o) (A
R, — | e T R —| B
gr, — . : TpTy R(l)
. . TpTp
(Q-1,0) (Q-1,1)
RG Y RY
where
ik) _ (i,k)
Ré”'p) - CDRh’r‘p
R"M. = \/2N, , 2 5 —
[ hrp]mm h’p<m>Nb+N0+7’N_Nh_ka_nUhn (n
RY) =2N,R}), + 0,07
k
R}, = pu, D(o})
and o := | }ZW oL, O-}%N;L—l]T

The estimation error g n= g >~ 9, has covariance
~ = 1 pH
E[QDQD] = Rgg — RgﬁpRrprpRgrp

where same as in [44], Ry, := Elg Dgg] is given by

(0) = ... (1-Q)
B A
R — 99 99 99
99 : : . :
Q-1 (Q@-2) (0)
Ry, Ry, o Ry

R, = CpR;),C

Ry, = D(o}) © RY)

RO = i mm € (0, -, Ny~ 1)

p

4.5 Symbol Detection

(4.26)

(4.27)
(4.28)
(4.29)

(4.30)

(4.31)

(4.32)

(4.33)
(4.34)

(4.35)

In section 4.5.1, we propose an iterative method for the detection of the finite-

alphabet symbol vector s(i) = F¥t(i) assuming the observation model (4.14). For
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simplicity, we assume perfect CSI here, when it is not available, we use channel
estimates obtained through (4.25) instead. We are careful to leverage the banded
structure of H(i,0) and the existence of fast algorithms for the transformation F'.
It was previously observed that the max-SINR windowing described in section 4.3
collects less energy from symbols near the block edges, which, if unaccounted for,
could lead to high block-averaged error rates. Hence, section 4.5.2 proposes a scheme
whereby block overlap (i.e., P > 1) is exploited, in conjunction with the algorithm of

section 4.5.1, to circumvent this problem.
4.5.1 Intrablock Processing

Here we propose an iterative method for the detection of the finite-alphabet symbol
vector s(7) from the windowed frequency-domain observation () in (4.14). Note that
the focus of this section is intrablock processing, whereas the focus of section 4.5.2
is interblock processing. Since here we focus exclusively on the i'® symbol and on
the cursor IBI coefficient, we can omit the symbol and lag indices, abbreviating,
e.g., s(i) by s and H(7,0) by H. We now give a brief summary of the intrablock
detection algorithm illustrated in Fig. 4.4; a more detailed description will be given

in Sections 4.5.1-4.5.1.

LLRs

calculate update
priors FFT L-MMSE IFFT LLRs T

Figure 4.4: Intrablock interference cancellation.
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Given current guesses of the log-likelihood ratios (LLRs) of the symbols {s}
(which, on the first iteration, are set to zero), the means and variances of the ele-
ments in s are calculated as s and v, respectively. These are then transformed into
the mean and covariance of . Using linear MMSE estimation and incorporating these
mean/variance priors, the elements {t;} are estimated one-at-a-time, leveraging the
banded structure of H for complexity reduction. The resulting estimates ¢ are then
transformed back into the s-domain, from which the LLRs are updated. To accom-
plish this last step we assume a conditionally-Gaussian model for the estimates {3y }.
The procedure then repeats, starting with the most recent LLRs. In the detailed

description below, we use the superscript ™ to denote the n* iteration.

Linear Estimation with Priors

L

Cy

00000

178

[Cocoo0opO0OOOOOQ

Figure 4.5: Truncated observation model.

The banded structure of H suggests that linear estimation of a particular element
tr might be accomplished with reasonable accuracy from the truncated observation
&y, = [ri_p, ..., x4 p|", with indices taken modulo-PN, as opposed to the full ob-

servation x. (See Fig. 4.5.) We hope to realize substantial complexity reduction in
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doing so. The truncated model becomes
L = Hkt + Ckl/, (436)

where M, contains rows {k—D, ..., k+ D} of H and C, contains rows {k—D, ... k+

D} of C. The MMSE linear estimate of ¢; given aj is [99]
te = E{ti} 4 cov(ty, xy) cov(zy, )z — E{x:}). (4.37)

We assume E{v} = 0, cov(v,v) = ¢%I, and cov(s,v) = 0, and we model the elements
in s as uncorrelated with means 3 and variances v during the n'* iteration. Then,

defining " .= F3™, (4.37) becomes

=y g 3, F ™) (4.38)
" = (HFDw")FIHI + o*CC) " HyF D(v™)F3,  (4.39)

from which estimates of s can be obtained as
s = P s d = FTY i, (4.40)
K

A Conditionally Gaussian Model

Leveraging the finite-alphabet structure of the elements {s;} and assuming reason-
ably large PN (to invoke the Central Limit Theorem), we assume that the estimation

error is Gaussian, or, equivalently, that the estimates are conditionally Gaussian:

a(n) (n)

2(n) 1 80—y (b)

p(3M s =b) = — ¢< . , (4.41)
o™ (b) o™ (b)

where ¢(w) = —=e=*, 1 (b) := E{3{"|s, = b}, and [0\ (0)]2 := cov(5\™, 5|5, =

™
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In Appendix 4.B we show that

m"(b) = §”+@W%b—#% (4.42)

oPOF = ¢V De™)gl” — Qo + PPV, (443)

where ql ) denotes the I** column of Q"™ and where pl ) denotes the I*" column of
P™.

Q" = FH<ZHHg;§"’ikH>F (4.44)

P — (Z Cclg szH) (4.45)

Log-Likelihood Ratio and Update of Priors

From now on, we restrict ourselves to the BPSK alphabet so that b € {—1,+1};

QAM extensions are straightforward but tedious (see, e.g., [100,101]). The n'’-

) P(s;=+1)
= log 5=

iteration a priori and a posteriori LLRs are then defined as Ll("

s|= §(n) . . .
and Ll(é(")) = log Lﬂfn), respectively. Note that, after the first iteration,
! P(s;=—1]3"))

we expect to have partial information on s; such that L 7& 0. The LLR update

AGE™Y .= L,(5M) = L™ can be written

n 1
AGG™) = 1ng( s = +1)
p(E"]s = —1)
I T ) | L e i G V]
o (£1))2

WM%%“*W+@P#)
T D)™ ; 2 (4.46)
q " D(v")q" — |Ql,l | Uz 'to [Fudl
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where we used the facts that O'l(n)(+1) = al(")(—l) and

137 — ™ (=) =[5 —u§"><+1>}2

= 3"~ (1-Q")s" + QY

n n n)x|2
() (1_())l()_ l(,l)

— ARe{ (5™ — (1 - @§3>*>§§"’)@§3’}

= 4Re{Q[) (3" — 5"} + QP8 (4.47)

since the use of BPSK implies 51(") € R. Updates of the symbol mean and variance

can be accomplished via

£ = e Pla = )
beB

= tanh <Ll(§ )> (4.48)

o = N (-5 P(s = bl5")
= 1— (5", (4.49)

To update the a priori LLR, we set L (1) Ll(§l(")), giving
LY = L 4 AGM). (4.50)
Hard symbol estimates can be generated as §l(") := sign( Re(§l("))) = sign (51(")) =
sign(L(sl|§l("))). An algorithm summary appears in Table 4.1. Note that a soft

decoding algorithm could be easily embedded within the bottom path of Fig. 4.4, as

proposed in [100] and investigated in [101].
4.5.2 Interblock Processing

As previously discussed, the use of max-SINR windowing causes less energy to be

collected from symbols near the edges of block s(i) than from those near the center
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of the block. As a result, the iterative detection algorithm described in section 4.5.1
is more likely to incorrectly detect symbols near the block edges. However, by over-
lapping the frames (i.e., choosing P > 1), we can exploit the fact that every symbol
will be near the center of some block. Specifically, (4.3) implies that s, maps to the
block-quantities {sun—n,) (1252 ])s - s Simenoyy+(P-DN ([ 2502 | — P+ 1)}, e, s,
appears in P distinct blocks. The block index i,, for which s,, appears closest to

block center is easily found to be

m — N, )
= i 4.51
i = | - (4.51)
. : , PN
Jm = arg _min (m—Ny)y + N — - | (4.52)

Thus, in exploiting block overlap, we stipulate that

1. the hard estimate of s,,, is generated at block index i,,, i.e., 5, = §<m_NO>N+ij(im),

and

2. the final LLR calculated for symbol s,, during block i,, is used to initialize the
LLR of that symbol in subsequent frames within which it appears, i.e., in frames

with index i € {ip, + 1,0 +2,..., [ 252},

In the case that BDFE is employed, these hard estimates are then also used for
post-cursor IBI cancellation. Figure 4.6 illustrates this process for P = 2.

Since every symbol s, is estimated P times, the overall equalizer complexity
increases linearly with P. Numerical simulations suggest that the performance with
P > 2 is not significantly better than P = 2, while the performance with P = 1 is

relatively poor. Hence, we focus on P = 2 for the remainder of the paper.
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5(i—4) 5(i—2) 5(i) 5(i+2)

Figure 4.6: Interblock detection process for P = 2. Solid arrows pass final hard
estimates; dashed arrows pass soft initializations.

4.6 Fast Algorithm and Complexity Analysis

In Table 4.2 we present a fast version of the detection algorithm summarized in
Table 4.1. In the fast version, we avoid explicit computation of Q™ and P™, instead
computing y,(c") = q,i")H D(v("))q,(cn), z,(c") = Hp,i") |?, and Q,i",z for k € {0,1,..., PN —
1}. The number of complex multiplications” per step is given in the right column
of Table 4.2, and per-symbol averages are summarized in Table 4.3 (assuming M
iterations) for both BDFE and non-BDFE cases. We include the cost of estimating
frequency-domain channel coefficients {H(7,¢)}, as well as that of post-cursor IBI
cancellation in the BDFE case. Table 4.3 also includes the per-symbol cost of a
fast version of the LTV-channel FIR-MMSE-DFE and RLS for CE. The details of
each step are enumerated in Appendix 4.C in correspondence with the left column of

Table 4.2.

"While the number of additions and divisions could also be counted, we feel that such an endeavor
would complicate the presentation without providing significant additional insight.
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4.7 Numerical Results

4.7.1 IFDE with Perfect CSI

In this section, we compare the performance and complexity of the fast IFDE algo-
rithm summarized in Table 4.2 with the well known FIR-MMSE-DFE. While the FIR-
MMSE-DFE was originally derived for LTI channels [93], it can be straightforwardly
extended to the LTV channel case. and then design a recursive algorithm to update
the filter coefficients at the symbol rate assuming a fixed estimation delay A. In
all simulations, BPSK symbols are transmitted over a noisy WSSUS Rayleigh-fading
channel with uniform power profile (i.e., o} = N, ') that is generated using Jakes
method [82]. Throughout, we assume IFDE uses an ICI radius of D = [ f47.PN| and
block overlap factor of P = 2. Both IFDE and FIR-MMSE-DFE designs are based
on known time-domain coefficients {h,;}1% .

First, we establish IFDE-BDFE design rules for block length PN and number-
of-iterations M. While we will see that smaller values of PN (for fixed N;) are
advantageous from a complexity standpoint (see Fig. 4.15), Fig. 4.7 suggest the choice
PN > 4N, for good symbol error rate (SER) performance. With radix-2 FFTs in
mind, we choose PN = 2[1°824Nu1 ip the sequel. A related set of experiments in Fig. 4.8
has shown that SER performance improves with M up to about M = 10, after which
there is little additional improvement. Interestingly, we find that, after 2 iterations,
IFDE-BDFE gives approximately the same performance as FIR-MMSE-DFE. Hence,
we focus on IFDE-BDFE-2 and IFDE-BDFE-10 in the sequel, i.e., IFDE-BDFE using
M = 2 and M = 10, respectively.

Next, we establish FIR-MMSE-DFE design rules for feedforward filter length N,

and estimation delay A, assuming that the feedback filter is just long enough to cancel

102



all post-cursor ISI. To investigate the effect of A, we fixed Ny = Nj and conducted
experiments measuring MSE for several values of N; (assuming fy7y = 0.003 and
SNR=10dB). From Fig. 4.9 we can see that the choice A = N; — 1 maximized
performance in every case, we adopt this rule. To investigate the effect of Ny, we
fixed A = Ny — 1 and conducted experiments measuring MSE at several values of
SNR (when f4Ty = 0.003 and N;, = 64). As shown in Fig. 4.10, in every case,
performance increased with Ny, though the gains diminished rapidly when Ny > Nj,.
With complexity in mind, we adopt the rule Ny = Nj,.

Having established IFDE-BDFE and FIR-MMSE-DFE design rules, we are ready
to compare the two approaches in performance and complexity. In Fig. 4.11, we
compare SER performances when N, = 64, f4Ts € {0.001,0.003,0.0075} over a wide
range of SNR. Note that, at all f4T;, IFDE-BDFE-2 performs equivalently to FIR-
MMSE-DFE whereas IFDE-BDFE-10 outperforms FIR-MMSE-DFE, significantly so
when SNR> 5. We also plot the matched-filter bound (MFB) [94]—the ultimate in

(uncoded) receiver performance—which is not far from IFDE-BDFE-10.

4.7.2 IFDE with PACE

In this section, we investigate the performance of IFDE with PACE scheme when
CSI is not available. The design rules for IFDE and FIR-MMSE-DFE are the same
as in section 4.7.1. For simplicity, we only consider IFDE without BDFE in or-
der to achieve lower computational complexity for PACE. All the simulation results
presented here are based on averaging 100 packets, and each packet consists of 10

consecutive data frames.
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First, we study the performance of joint IFDE/CE scheme in terms of SER and
MSE of CE. For simplicity, we set () = P = 2, and test the joint IFDE/CE scheme
when N, = 32, fy4Ts € {0.001, 0.002} and N, = 64, f4Ts = 0.001 over a wide range of
SNR. As shown in Fig. 4.12, when fyTs x Ny, is small, the IFDE/CE scheme suffers
only 1dB loss compared with perfect CSI case (Genie), though the loss increases as
faTs x Ny increase. In Fig. 4.13, we show the experimental MSE of PACE versus
theoretic predicted MSE from (4.31). They demonstrate a good match. Notice the

parameters setting up fq7s = 0.002 with N, = 32 and f47s = 0.001 with N, = 64 are

_1
12N,

which is much higher than the case when Nh = 32, fq1y = 0.001. This observation

close to the limit - Nyquist frequency ( ), therefore they produce similar MSE,
justify the increased performance loss of IFDE in more dispersive channels as shown
in Fig. 4.12.

Second, we compare the performance of joint IFDE/CE scheme with FIR-MMSE-
DFE plus RLS-CE (denoted as DFE-RLS in Fig. 4.14) [93,102]. Experimental results
show that FIR-MMSE-DFE can not work well when fq75 > 0.0005 and N, = 32,
therefore we pick fyTy € {0.0001, 0.0005}. For simplicity, we set Q = 5, P = 2,
larger () means higher data transmission rate versus pilots. Enough pilots symbols
are inserted for the initialization of RLS-CE. From Fig. 4.14, we can see that joint
IFDE/CE scheme performs much better than FIR-MMSE-DFE plus RLS-CE scheme
and is close to the ideal case when perfect CSI is available.

Figure 4.15 examines the multiplies-per-symbol ratio of FIR-MMSE-DFE/RLS-
CE to IFDE-2/PACE using the expressions in Table 4.3. Note that values > 1 in
Fig. 4.15 imply a complexity advantage for IFDE/PACE, and that this complex-

ity advantage increases with N, and decreases with f47s. Since FIR-MMSE-DFE
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and IFDE-2 have similar performance, Fig. 4.15 constitutes a direct complexity com-
parison. A similar comparison in Fig. 4.16 between FIR-MMSE-DFE/RLS-CE and
IFDE-10/PACE shows simultaneously complexity and performance advantages.

A final comment regarding the complexity comparison in Fig. 4.15 and Fig. 4.16
is in order. One could argue that due to imperfect CE, IFDE/PACE may not per-
form well in some range of (fy4Ts, Nj), therefore the complexity gain at those points
are meaningless. The question is what is the region in Fig. 4.15 and Fig. 4.16 that
IFDE/PACE do perform well. To answer this question, first we investigate the re-
lationship between (fy4T%, Ni) and CE error of PACE through numerical results. In
Fig. 4.17, we plot the contours of theoretical MSE of PACE calculated from (4.31)
versus (fqTs, Ni) when Q@ = P = 2. The solid lines stand for contour and the dashed
lines stand for points of constant product of fqTsN,. As illustrated in Fig. 4.17,
almost the same MSE can be achieved by PACE for those points with the same
product of f4TiN;. Bearing this conclusion in mind, we superimpose the curves
faT<N, = {0.064, 0.016, 0.0032} on Fig. 4.15 and Fig. 4.16, which corresponds to
the Doppler and delay spread setting up in Fig. 4.12 and Fig. 4.14. We can see
that the IFDE/PACE algorithm can enjoy significant cost savings compared with the

DFE/RLS-CE scheme in a relative wide range.

4.8 Conclusion

In this chapter, we presented an iterative frequency domain equalization (IFDE)
scheme for single-carrier transmissions over noisy doubly dispersive channels. Time-
domain windowing is used to make the effective ICI/IBI response sparse, after which

iterative symbol estimation is performed in the frequency domain. The estimation
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algorithm leverages the finite-alphabet property of symbols, the sparse ICI/IBI struc-
ture, and the low computational cost of the FFT. Simulations show that with perfect
CSI, the IFDE performs significantly better than the FIR-MMSE-DFE and within
about 1 dB of the MFB over the SNR range of interest. A fast version of the IFDE
algorithm was also derived and its complexity compared to that of a fast FIR-MMSE-
DFE for LTV channels. When CSI is not available, a pilot-aided CE (PACE) is de-
rived to work jointly with IFDE, which demonstrates remarkable performance gain
versus the conventional FIR-MMSE-DFE plus RLS-CE scheme. In addition, the
IFDE/PACE algorithm was found to yield significant cost savings relative to the

FIR-MMSE-DFE plus RLS-CE scheme for reasonable channel lengths.
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Figure 4.7: Symbol error rate for various PN when M = 10.
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Figure 4.8: Symbol error rate for various M when N, = 64 and fy47s = 0.003.
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Figure 4.13: MSE of PACE versus SNR for various N, and fqTs.
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LY =owl
forn=0,1,2,...
foril=0...PN —1,
gl(") = tanh(Ll(n)/Q)
o <1 Gy
end
£ _ g
for k=0...PN —1,
g0 = (HeF Dw™)F'" ]! +0C,Cl)
x HyF D(v™)F"i,
=0 g
end
3 — pHp™
Q" = FH< ! Hfg;i")if> F
P (T i) F
foril=0...PN —1,

o (RO s 10 P
LD = o

- n)H n n n
g D(v™)q” — Q7 [2vf” + o?|p/|I?
end

end

Table 4.1: Summary of Iterative Symbol Detection.
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Step

Cost Per Step

H(i /)

compute (i) from (4.56)

3 =VPNC,C{f

L' = owi

forn=0,1,.... M —1
forl=0,1,...,PN —1

5" = tanh(L\" /2)
oy =1 (5"

end

£ — Fs)

™ — Fop®

R = Ho C(uYHY + =
for k=0,1,...,PN —1

compute (R
gt = (RY) "My C(u™)iy
) 9 4 g (5, — 1)
end
3™ — FHi(n)
compute {yl };DN ' Aaadi? ap
from (4.57)-(4.59)
compute {2 }EN=1 from (4.60)-(4.62)
forl=01,....PN—1

l(rzL) - ﬁ Ed——2D[a£ln)]0 IR

e (n) 5(n) —(n) (n))2 (n)
R O JPRLC il 0 aC il

~ld

(") |Ql( ‘2 (7L)+ 2, (")
end

end

2D (Lyst + 1)PN N,

(DLpst + 1)PN + 3PN log, PN
2PN + 1PN log, PN

0

%PN log, PN
%PN log, PN
3D?

min {252+§1~73, 752}
2D?

D2

PN log, PN

(4D% + 2D)PN log, PN
+5D2PN

D?PN + (D*+ D)PN log, PN

2D
6

Table 4.2: Fast Implementation of the Iterative Symbol Detector

113




I[FDE-noBDFE:
3SMD?/N + [2 + M(5D?+ 3D + 2)} Plog, PN
+ 34 0 (min{iD?,50%) +11D* + 2D +8) | P
PACE: 2DPN,

IFDE-BDFE:

3SMD?/N + [2 + M(5D* + 3D + 2)} Plog, PN
+ |34 LoD + M <min{§1~73, 5D%} +11D2 4+ 2D + 8)]
PACE:  2D(Lps + 1)PN,,

P

FIR-MMSE-DFE:

2

RLS-CE: N2+ 3N,

9 1
INZ —1IN; -1

Table 4.3: Relative Algorithm Complexity (Per Symbol).
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Appendix

4.A Signal Energy Distribution

PN-1

§ : 1
fnk .
gss,n = Z E Hd kk ’l O PN Sn('l)
d=0 VPN©
1 PN-1 PN-1 Np—1
B E Z E : E hin by Q1€ —jprrm(d— k) e~
+m~+No IVmUm—I
PN Z PN i ,
d=0 m
PN—-1PN-1 Np—1
2 * *
3 Z Z Z Z pm m’U[ bmbm/am_la,m,_l
d=0 g k' =0m,m’ =0
o 1 on
PN-1 Np—1 /
_j 2 _
a 3 Z Z Z pm mlo-lzbmb;kn’am_la:l/ le ‘YPNd(m m)
d=0 mm/ =0
PN-1
. § 6'] 27 k(m - n)e ‘yPNk (m _ —TL)
kk'=0
PN-1 Np—1 /
2y p* * —j A d(m—m) PN§
B 3 pm mlo-l m 1’rLla7n—la'7n,—l6 m—Il—
d=0 mm' 1=
-PN¢§, /.,
Np—1
2 2 2
- Z o) |bl+n‘ a,,
=0
Nh_l
E 2 2
= 0, |bl+n‘

=0
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4.B Conditional Mean and Variance
From (4.38), (4.40), and the definition of ;i\ (b),
") = HFHEZQEﬁWww:m
_ FHZ (#" + g (BE{ay)s) = b} — HuE™ ))
Q- )

which leads to (4. 42). In the last step above, we used the fact that E{x.|s; = b} =
H.F(s ") 4 4,(b — )) — ’ka(n) + HFi(b — El(n)). Next we find an expression
for [al(")(b)] . Before doing so, however, it will be convenient to note from (4.38) and

(4.40) that
§l(n) = FH Z (7 (f(n + g(") (in — sz(n))>
— FH Z (f(" + gk (’Hsz + Cv — H F3" ))

= 5" 41l Q<” (s —3™) 44l pH

= 1" () +41Q (s — 3" 1+ 4,(5" — b)) + 4 PMHy  (4.54)
and that, since E{s|s; = b} = 5™ — zl(sl(") —b),

E{ (s — 5™ 4+ il(§l(") —b)) (s — 5™ 4+ il(§l(") — b))H|sl = }
= cov(s,s|s;=10)

= D(™) — ™. (4.55)
Using (4.54), (4.55), and the definition of o™ (b),

O = B{G" =" ®) (5" = 1) "l = v}
= i{{Q("H<D('v”)) iy Uz )Q i+ o P pg,

which leads to (4.43).
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4.C Fast-IFDE Details

The details of each step are enumerated below in correspondence with the left
column of Table 4.2. For brevity, we use D := 2D + 1 in the sequel. We make
frequent use of the property FD(a)F” = C(Fa/v/PN). Finally, we assume that
PN-length FFTs require 3 PN log, (PN) and PN log, (PN) complex multiplies for
real- and complex-valued inputs, respectively (as per the radix-2 Cooley-Tukey algo-
rithm [103]).

Detail 1: At each block index 7, we must compute the frequency domain coefficients
H(i,0), or {H(i,£)}1” when BDFE is used, using the PACE. From (4.25), we can
see that RgrpR;plrp only need to be computed once at the beginning, therefore the
computations needed to estimate {H(7,¢)} from f,(,q) is 2DPN N, complex multiplies
for each ¢.

Detail 2: In the BDFE case, the frequency domain observation is computed as
Lpst R
x(i) = FJIDDb)r(i)— Y H(,Oti—LP), (4.56)

=1

where i(z) := F5(i). The non-BDFE case is similar, but without the IBI cancel-

lation. The first term in «(i) requires N, + PN log, PN multiplications per block

to compute, while the second requires Ly DPN since H(i,¢) contains only DPN

non-zero elements. Since i(z) needs to be computed only when i is a multiple of P,

it requires an average of %PN log, PN multiplications per block. Using P = 2 and

the approximation N, ~ PN, we get a total of (DL + 1)PN + 1.5PN logy, PN

multiplications per block.

Detail 3: From (4.11) and the property J D(b) = D(Jb), it follows that CC* =
FD(?Jbo Jb*)F? =C (\/ﬁng (Jb® Jb*)). Thus, the PN coefficients that
specify CCH can be computed in roughly 2PN + %PN log, PN multiplies. Notice
that CCy is a sub-block of CC*, and that the Toeplitz nature of CC* implies

that C,C¥ is identical for every k.
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Detail 4: This step initializes the recursive computation of R,(:) = VPN
(HF D(v™)F"H, + CC}!), where we note vV PNF D(v™)F" = C(u™). For
computation of HoC(u™)HL, we first compute HoC(u™), then post-multiply the
result by HE'. But since H contains only 4D +1 = 2D non-zero rows, only 2D non-
zero columns of HyC(u™) need be computed. This requires 2D3 multiplications,
since H, contains D rows, each with only D non-zero elements. Using a similar

reasoning, the post-multiplication also requires D3 multiplications.

: (n) : : : : (n) O 6,
Detail 5: R can be inverted directly or recursively since R, = | _,
ek ek
(n) 0 6 . ~t
when R;" = In the direct method, we first compute [0, 6x]" to ob-
0r O

tain R,(;jr)l from R,g"). Cost-wise, this is similar to computing one column (i.e.,
1 /5 of the total elements) of R((]"), requiring 2D? multiplies. The direct inver-
sion of Hermitian R](Ql then requires an additional %133 multiplies (using LDL*

factorization [98]). The procedure for recursive computation of (R,(g_?l)_l follows
-1

directly from the well-known block-matrix inversion formula [104] =
C D

AW 1+BP'CA™") -A'BP!

-pP'cA™! P!
in Table 4.4. In summary, the total cost of the direct and recursive inversions are

., where P := D — CA™'B, and is detailed

approximately 2D? + %133 and 7D? multiplications, respectively.

Detail 6: Since H;, contains D rows, each with only D nonzero elements, the
calculation of ’ka/(n)ik consumes only D? multiplies. Multiplication by (R,(C"))‘1
consumes an additional D?.

PN—-1 (n) (n)H

Detail 7: LLR updating requires {y,i") v—o » where y,"” = q; D(v("))q,(c").
Note that the explicit calculation of Q™. as defined in (4.44), would involve 2PN
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FFTs of length PN, and thus a total complexity of O(P?N?log, PN). In Ap-
pendix 4.C.1 we show that

1 2D

VPN d,l:z—:2D ( ) :

where [y™)], = y,g"), ul™ = F"o®™ T} := C(iy,,) is the right circular k-shift

matrix, and where

al” = Fdiag,(G™) (4.58)
PN-1

G = > HigMi, (4.59)
k=0

Note that @™ is simply a rearrangement of w(. The k™ column of G™ equals
H g,i") and requires D? multiplies to compute, and so G™ requires PN D? multiplies
to compute. Computation of {ag}22_,, involves 4D + 1 ~ 2D FFTs for a total
cost of 2DPN log, PN multiplies. For each (d,!) pair, the computation of (4.57)
requires an additional 2PN + 2PN log, PN multiplies. However, due to conjugate

symmetry, only about half of the &~ 4D? pairs need be evaluated. Hence, using (4.57)
PN-1

about 4D2(PN + PNlogy, PN) + 2DPN logy, PN + PND?, or 5D2PN + (4D? +
2D)PN log, PN, multiplies.

rather than direct computation of Q™ the calculation of {yk requires only

Detail 8: LLR updating also requires {zk P where zk = ||p ||2 In Ap-
pendix 4.C.2 we show that
1 n
2™ = Z FD (T, F"p) F'@) o a™"), (4.60)

Y PN dl=—D

where (2] = 2", Bl = 307" [Bga) [0t —ms and

a” = Fdiag,(G") (4.61)
(n) PN-1
G" = Y gl (4.62)

Note that FZb can be computed in advance, é(n) requires no computation, and

{@D__ involves D FFTs, for a total cost of DPN log, PN multiplies. For cach
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(d,l) pair, (4.60) requires an additional 2PN + 2PN log, PN multiplies, but only
about half of the D2 pairs need be evaluated (due to conjugate symmetry). Hence,
calculation of {2}V =1 requires about 1D2(2PN 42PN log, PN)+DPN log, PN,
or D®PN + (D2 4+ D)PN log, PN, multiplies.

Detail 9: LLR updating also requires {Qm}fﬁfl. From (4.44), (4.58), (4.59), and
Lemma 1, it follows that

2D

]_ . 27
QA = e D a7 (4.63)
PN d=-2D

As reported in Table 4.2, direct evaluation of (4.63) requires 4D + 1 ~ 2D multiplies
for each k. Note that, if 2D > log, PN, it would be more efficient to compute
{Q]g",z}f i\g_l using a single PN-point FFT. However, since the cost of this step is

relatively small, the difference is insignificant.

4.C.1 Derivation of (4.57)

Here we derive an expression for 4™ enabling fast computation. First, however,
we present a useful lemma. Without loss of generality, we omit superscripts in this

appendix.

Lemma 1. If H € CPN*PN has the banded structure of Fig. 4.2 with 2pD + 1 non-
zero diagonals, and if B = FEHF, then

1 pD - 27
[Blowm = —== Y PN [Fdiag,(H)]m-n),,-

d=—pD

E
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Proof. Denote a; = diag,(H), so that [H],.» = @n—mm where aj; := [ai];. Then,
since ag =0 for d ¢ {—pD, ..., pD},

PN—-1PN-1

]_ - 27 - 27
Blym = —— E E el PNy eI PN
’ PN )
k=0 1=0
L eP PN-1
27 2
_ E QJPN"d § ag.€ Jpnlim—n)
PN
d=—pD =0
pD

where we used the substitution d = k — [. O

From (4.44), (4.58), (4.59), and Lemma 1

2D
1 . 27

e PN Q] o p 4.64

G = 7py 3 OB e (464
where oy := Fdiag,(G). With ag,, := [ag)m, we find
PN-1
Y = Z |Qn,k|2vn
n=0
PN-1 2D

1 - 27
= — _ijn(l_d) *
PN § Un E € d,(k—n) py N, (k—n) py
n=0 d,l=—2D

1 PN-1 2D
—j2 (I— —-m *
- PN Z Ulk—m) p Z e Jpn (I=d)(k )Oéd,mOézm (4.65)
m=0 dl=—2D

where, for (4.65), m = (k—n)py so that n = (k—m)py. Defining the matrix

D, := D(F1i;) and the vector B(d, 1) such that [B(d, )], = agma;,,,

2D
y = Y D_,C(v)D,B(d]1) (4.66)
d,l=—2D
Using the property D F = ﬁFTk,
D,_,C(v)Df, = VPND, ;FD(F?v)F!D},
1
= ——FT, ,D(F"v)T{ ,F"
m l—d ( ) I—d
1
= ——FD(T,_4F"v) F". (4.67)

VPN
Substituting (4.67) into (4.66) yields (4.57).
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4.C.2 Derivation of (4.60)

Here we derive an expression for z(™ enabling fast computation. Without loss
of generality, we omit superscripts in this appendix. From the definition of g, we
notice Cf g, = C"g,, and thus, with (4.11), (4.45), and (4.62), we have P =
C"Y,g,ii F = C"GF = D(b")J"F'GF. Then we can write 2, = ||p,||> =
ZNb Hox [FHEGF) onokl?- Since G is banded with 2D+ non-zero diagonals, Lemma 1

imphes [FHGF]( \/— Zd_ D ej PNndad (k=) p for O_éd,m = [ad]m Thus
Ny—1 2
- * j nd =
k= pNZ bn ZePN Qd,(k—n) py
Ny—1
- PN Z [bn ‘2 Z e PR d)ad<k n>PNal (k=n)pn
dl=—D
PN-1
— o 3 o S ciatmg, o
dl=—D
where b, = ZNb ! D00 i 12000y pyy—m- Using Dy, from Appendix 4.C.1, and defining

B(d, 1) such that [B(d, 1)}, = dqma;,,, we find that

s = 3 DDA (4.65)

dl=—D

where [b],, = by,. Similar to Appendix 4.C.1, we substitute D;_4C(b)D}" ;, = ﬁ
FD(T,_sF"b)F" into (4.68) to get (4.60).
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Step Cost
H
o a
SO =R 0
aj Ak
©;' = A, —a;'aral! 2
compute 6y, and 6; 3?2
bk = _@lzlék 52
~ ~H ~\ 1 ~
ﬁk = (ek — Bk @Izlek) D2
1 O, + biby Br bib ~,
R, = " D

Table 4.4: Recursive Update of (R/,(Cn))—1
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CHAPTER 5

CONCLUSION

In the dissertation, we considered the problem of receiver design for single carrier
transmissions over time-varying channels with long delay spread. The conventional
solutions for this problem are various time-domain channel equalizers and estimators.
These schemes often suffer from heavy computational burden due to deconvolution of
the long channels. Inspired by the FDE idea behind OFDM and SCCP modulation
schemes, we concentrated on designing receivers operating mainly in the frequency-
domain, so as to achieve efficient implementation in favor of practical applications. In
order to improve the performance of FDE, we adopted the idea of Turbo equalization
(TE) and used soft information to iteratively equalize and estimate the channels. In
the framework of FDE and TE, we designed and developed a group of frequency-
domain joint channel estimation and equalization algorithms, and evaluated their
performance in terms of BER and computational complexity through simulations

and analysis.

5.1 Summary of Original Work

For single carrier transmissions over relatively moderately fast fading frequency-
selective channels, we investigated iterative FDE (IFDE) with explicit frequency-
domain channel estimation (FDCE). First, an improved IFDE algorithm was pre-

sented based on soft iterative interference cancellation. Second, soft-decision-directed
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channel estimation algorithms were derived and analyzed both in time and frequency
domain. As it turns out, the frequency-domain approach is more computationally
efficient than the time-domain approach. Therefore a new adaptive FDCE (AFDCE)
algorithm based on per-tone Kalman filtering was proposed to track and predict the
frequency-domain channel coefficients. The AFDCE algorithm employed across-tone
noise reduction, which could perfectly remove the redundant noise when channels
could be modeled by an AR process, and employed Chu sequences as training se-
quences. In addition, the AFDCE algorithm exploited temporal correlation between
successive blocks to adaptively update the AR model coefficients, bypassing the need
for prior knowledge of channel statistics. Finally, a block overlapping idea was pro-
posed for the joint operation of IFDE and AFDCE. Simulation results show that,
compared to other existing IFDE and adaptive channel estimation schemes, the pro-
posed schemes offer lower MSE in channel prediction, lower BER after decoding, and
robustness to non-stationary channels.

We further extended the IFDE/AFDCE scheme to fit in the application of digital
television (DTV) signal reception, where trellis coded vestigial sideband modulation
is employed, as specified by the ATSC North American terrestrial DTV standard.
The proposed FDTE/AFDCE scheme estimates and equalizes channels only on ac-
tive subcarriers in the frequency-domain, and therefore achieves low-cost and high-
performance reception of highly impaired DTV signals. Through numerical simula-
tion, we demonstrated that our FDTE/AFDCE scheme outperformed the traditional
joint DFE/decoding plus FDLMS-CE approach at a fraction of the implementation
cost.

For single carrier transmissions over very fast fading large-delay-spread channels,
the traditional FDE methods fail when the influence of virtual ICI is not negligible.
We first applied Doppler channel shortening to concentrate the energy of virtual ICI
coefficients into a banded structure in the Doppler and frequency domain, and then

derived a pilot-aided channel estimator (PACE) to estimate those significant virtual
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ICT coefficients based on MMSE criteria. Finally a soft iterative interference cancel-
lation algorithm was proposed to efficiently detect transmitted symbols by leveraging
the banded structure of ICI, while block decision feedback and block overlapping were
employed to further combat ISI and the virtual ICI. Numerical results showed that
the proposed scheme had advantages over the well-known FIR-MMSE-DFE/RLS-CE

scheme in both performance and complexity.

5.2 Possible Future Work

In our joint CE and equalization design, we only considered the influence of symbol
detection errors on CE in soft-decision-directed CE case, while we have not considered
the influence of CE errors on channel equalization yet. Possible performance gain can
be achieved by characterizing CE errors as stochastic processes and incorporating
those information into channel equalization.

For the receiver design of DTV receiver, we investigated the FDTE/AFDCE al-
gorithm based on the assumption that there is a pilot block available to initialize the
process. In practice, the pilot symbols transmitted may be not long enough to ini-
tialize the FDTE/AFDCE, therefore a frequency-domain blind CE or blind channel
equalization algorithm is expected to start up the process. Blind DFE algorithm is
a promising candidate, which is widely adopted in current DTV receivers for reliable
reception over slow fading channels [105-108]. How to efficiently combine the startup
process with our FDTE/AFDCE algorithm would be a interesting problem to work
on in order to complete the receiver design for DTV signal reception.

In very fast fading channels, we only considered PACE, where as decision-directed
CE could also be explored to further reduce CE errors and enable reception of trans-

mitted symbols over a wider Doppler and delay spread region.
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In this dissertation, we only considered single transmitter and receiver antenna
case, while it would be interesting to see how similar performance gain and implemen-
tation gain can be achieved in multiple-input multiple-output systems jointly with

space-time coding.
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