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Abstract

The adaptive generalized sidelobe canceller (GSC) is a commonly used device
for interference cancellation in array beamforming. However, due to its inherent
structure, its convergence is slow. Also, it is sensitive to model mismatch. When
model mismatch exists, a phenomenon called signal cancellation will occur, and the
performance of the adaptive GSC can be seriously affected. These problems limit the
use of adaptive GSC in time-variant systems and also complicate real-world
implementations. In this dissertation; we ‘propose ‘@ new scheme that can effectively
solve these problems. The main idea is-to introduce a single-tap decision-directed
equalizer and a single-tap feedback filter in the GSC structure, resulting in a decision
feedback GSC (DFGSC). The least-mean-square (LMS) algorithm is used for
adaptation and the convergence behavior of the adaptive DFGSC is fully analyzed. It
is shown that the convergence rate can be greatly enhanced and signal cancellation

can be completely avoided.

In wireless communications, co-channel interference (CCI) and inter-symbol
interference (ISI) are two main factors limiting the system performance.
Conventionally, a beamformer is used to reduce CCI while an equalizer is used to
compensate ISI. These two devices can be combined into one named space-time
equalizer (STE). A training sequence is usually required to train the STE prior to its
use. In some applications, however, spatial information corresponding to a desired

user is available, but the training sequence is not. Extending the DFGSC approach, we



then propose an adaptive decision feedback STE to cope with this problem. Our
scheme consists of an adaptive DFGSC, a blind decision feedback equalizer (DFE),
and a channel estimator. With a specially designed structure, the proposed blind DFE,
aided by the estimated channel, can better resist error propagation effect inherent in a
DFE. As previously, adaptation operations are implemented with the LMS algorithm
and convergence analysis is given as well. Simulations show that the proposed
adaptive decision feedback STE is effective in mitigating both CCI and ISI even in
severe channel environments. The channel-aided blind DFE structure can be further
applied to the general adaptive minimum mean-squared-error DFE (MMSE-DFE),
called the adaptive channel-aided DFE (ACA-DFE). We also demonstrate that the
ACA-DFE can be extended to multiple-input multiple-out (MIMO) systems and it can
outperform the conventional adaptive MIMO MMSE-DFE.

Adaptive parallel interference cancellation.(PIC) has been recently introduced in
the signal detection of MIMO systems. Conventional PIC uses the MMSE criterion
for parameter adaptation. However, it Is known that the MMSE criterion cannot
achieve the minimum bit-error-rate (MBER). Also, it suffers from the error
propagation problem when operated in time-variant channels. In the last part of the
dissertation, an adaptive two-stage PIC detection scheme with the minimum variance
(MV) criterion is proposed to solve the problems. Adaptation with the MV criterion is
then realized with the DFGSC. In the first-stage cancellation, a dual-DFGSC
configuration being effective in time-variant channel environments is developed. Due
to the good performance of the first-stage processing, only matched filtering is
required in the second stage to achieve near optimum results. The LMS algorithm is
employed and its convergence behavior is also examined. Simulation results show
that the proposed two-stage DFGSC-PIC detection significantly outperforms the
conventional MMSE-PIC detection.



Acknowledgements

First of all, T would like to express my sincere gratitude to my supervisor, Prof. Wen-
Rong Wu, for his help and support throughout my research. In the period of my study,
he gave me encouragement and guided me to the right research direction. I wish there
were enough words for me to thank him.

I have been blessed with friendships that have been precious sources of support, en-
joyment and encouragement especially in times of difficulty. T would like to express my
deepest gratitude to all my teachers, friends, lab-mates and office-mates I met these years.

Finally, I am in-debted to my family and my girl friend, Miss Ines Sou, for their mental

support. Their unlimited love is the best encouragement in my life.



Contents

Chinese Abstract i
English Abstract iii
Acknowledgements v
Contents vi
List of Tables ix
List of Figures X
Abbreviations xiii
Mathematical Notations XV
1 Introduction 1
1.1 Basics of Beamforming . . . . . . ... ... 1

1.2 Basics of Space-Time Equalization. . . . . . . .. .. ... ... ... ... 2
1.3 Basics of Spatial Multiplexing in Multiple-Input Multiple-Output Systems 3
1.4 Outline of Dissertation . . . . . . ... ... ... ... ... ........ 4

2 Adaptive Decision Feedback Generalized Sidelobe Cancellation 9
2.1 Introduction . . . . . . . .. L 9
2.2 Background . . . . ... 11
2.2.1 Signal Model . . . . .. ..o 11

2.2.2 Conventional Generalized Sidelobe Canceller . . . . . . . ... ... 12

vi



2.3 Decision Feedback Generalized Sidelobe Canceller . . . . . . . . . ... .. 15

2.4 DOA Mismatch Analysis . . . . . . . . . ... 19
2.4.1 Mismatch Signal Model . . . . . .. .. ... oL 19
2.4.2  Mismatch Analysis with GSC and DFGSC . . . .. ... ... ... 20
2.4.3 A Start-Up Approach for DFGSC with Mismatch . . . ... .. .. 22

2.5 Convergence Analysis . . . . . . . .. .. L 24
2.5.1 MSE in Steady State . . . . .. ... 24
2.5.2 SINR in Steady State . . . . . . .. . .. ... ... ... ... 25

2.6 Simulations . . . . . ... 26
2.6.1 Exactly Known Desired Signal’s DOA . . . . ... ... ....... 27
2.6.2 Desired Signal’s DOA Mismatch . . . . . ... ... ... ... ... 28

2.7 Summary ... oL o. L 29

Adaptive Decision Feedback Space-Time Equalization with Generalized

Sidelobe Cancellation 36
3.1 Imtroduction . . . . oo 0 L UL L d 36
3.2 Space-Time Signal Model .o iasial .« 00000 38
3.3 Hybrid of GSC and LBDFE st . L L 0 L L L L oL 40
331 GSC . . e 40
3.3.2 LBDFE . ... . . 41
3.4 Proposed Hybrid STE . . . . . .. ... . . .. 43
3.4.1 DFGSC . . . . e 43
342 CBDFE . ... .. . 47
3.5 Spatial Multipath and Spatial Signature Mismatch . . . . ... .. .. .. 50
3.6 Simulations . . .. ... 52
3.6.1 Channels with Temporal ISIOnly . . . . . ... ... ... ... .. 52
3.6.2 Channels with Temporal and Spatial IST . . . . ... ... ... .. 54
3.7 Summary ... .. e 54

Adaptive Channel-Aided Decision Feedback Equalization for SISO and
MIMO Systems 62

vii



4.1 Introduction . . . . . . . . .., 62

4.2 Background . . . ... 64
4.2.1 Conventional DFE for SISO Systems . . . . ... ... ... ... .. 64
4.2.2  Conventional DFE for MIMO Systems . . . .. ... ... ..... 66

4.3 Proposed Adaptive Channel-Aided DFE . . . . . ... ... ... ..... 68
4.3.1 ACA-DFE for SISO Systems . . . . . .. .. .. ... ... ..... 68
4.3.2 ACA-DFE for MIMO Systems . . . . . . .. ... ... ....... 70

4.4 Simulations . . . . ... L 71
4.4.1 SISO channel environments . . . . . .. .. .. ... ... ..... 71
4.4.2 MIMO channel environments . . . . .. .. .. ... ... ..... 73

4.5 Summary ... .. e e 73

5 Adaptive Two-Stage GSC-Based PIC Detection for Time-Varying MIMO

Channels 78
5.1 Introduction . . . . .5 0 LoD L 78
5.2  MIMO Signal Model and Parallel Interference Cancellation . . . . . . . .. 79
5.3 DFGSC-PIC and Its Adaptive Realization . . . . . .. .. ... ... ... 82
5.4 Convergence Analysis . . Llva sl . L Lo 88
5.5 Simulations . . .. ..o 92
5.6 Summary . . ... 94
6 Conclusions and Future Work 101
6.1 Conclusions . . . . . . . .. 101
6.2 Future Work . . . . . . .. 102
References 104

viii



List of Tables

3.1 Parameters used for simulations in Section 3.6.1: (a) Filter length, and (b)
Step sizes . . . . .
3.2 Parameters used for simulations in Section 3.6.2: (a) Step sizes, and (b)

Channel settings . . . . . . . . .. Lo

ix



List of Figures

1.1
1.2
1.3
14

2.1
2.2
2.3
2.4
2.5
2.6
2.7

2.8

2.9

2.10

3.1
3.2
3.3

Block diagram of narrowband beamformer. . . . . . . .. ... 0oL 7
Block diagram of STE with tap delay line for each antenna element. . . . . 7
Block diagram of STE with one spatial filter and one temporal filter. . . . 8
Block diagram of MIMO system. . . . . . ... .. .. ... .. ...... 8
Block diagram of adaptive DFGSC. . . . . . . ... ... ... .. .... 31
Learning curves for GSC and DFGSC with same step size. . . . .. .. .. 31
Beam patterns of GSC and DEGSC.in Fig. 2.2 after 200 snapshots. . . . . 32
Learning curves for GSC and DFGSC with same SINR target. . . . .. .. 32
Steady-state SINR performanceé in different SNR environments. . . . . . . 33
Steady-state SINR performance Wifh different step sizes. . . . . .. . ... 33

Learning curves for GSC with' DOA ' mismatch utilizing point (pt) constraint
only and point and first-order derivative (pt & 1d) constraints. . . . . . . . 34
Learning curves for DFGSC with DOA mismatch utilizing point (pt) con-
straint only and point and first-order derivative (pt & 1d) constraints. . . . 34
Learning curves for DFGSC with transition from point and first-order
derivative (pt & 1d) constraints to point (pt) constraint only. . . . . . . . . 35
Steady-state SINR performance for DFGSC and other robust adaptive

beamforming approaches in different SNR environments. . . . . ... ... 35
Hybrid of GSC and LBDFE (with LBDFE in start-up period). . . . . . .. 56
Proposed hybrid STE. . . . .. .. .. ... ... 56

Learning curves of GSC output SINR for different schemes in suppressing

CCL e o7



3.4

3.5
3.6

3.7

3.8

3.9

3.10

4.1
4.2
4.3
4.4
4.5

4.6
4.7
4.8

5.1
5.2
3.3

5.4

Beam patterns (enlarged region around CCI's DOA) of different schemes
in Fig. 3.3 after 5000 iterations. . . . . . . . . ... ... ... ... ... o7
Learning curves of equalizer output MSE for different schemes. . . . . . . . 58
Learning curves of GSC output SINR for different schemes with 5° DOA
mismatch. . . . ..o o8
Beam patterns of different schemes in Fig. 3.6 after 5000 iterations with 5°
DOA mismatch. . . . . . . . . 59
Learning curves of equalizer output MSE for different schemes with 5° DOA
mismatch. . . . ..o 59

Learning curves of equalizer output MSE for different schemes with tem-

poral and spatial IST. . . . . . . . .. . ... .. ... ... 60
Learning curves of equalizer output MSE for different schemes with tem-

poral and spatial ISI (artificial errers added). . . . . . . . ... .. ... .. 60
ACA-DFE in decision-directed mode for SISO systems. . . . . . ... ... 74
ACA-DFE in decision=directed mode for MIMO systems. . . . ... .. .. 74
MSE learning curves for static Proakis € Channel ............... 75
SER for static Proakis C channel-with different step sizes. . . .. . .. .. 75

SER for time-varying Proakis C channel (fqT; = 5 x 10~ %) with different

step sizes. . . .. L L 76
MSE learning curves for static MIMO channel. . . . . . . ... ... .. .. 76
SER for static MIMO channel with different step sizes. . . . . .. .. ... 7

SER for time-varying MIMO channel (f4T; = 2 x 10~*) with different step

General two-stage PIC detection scheme for MIMO systems. . . . . . . .. 96
Adaptive DFGSC for realization of weight vector in the first stage of PIC. 96
Adaptive DFGSC with steering matrix P (k) and channel estimator q(k).
Dual-DFGSC works complementarily for each branch in the first stage of
DFGSC-PIC. . . . . e 97
Update and decision time relation for dual-DFGSC. . . . . ... ... ... 97

xi



5.5 Interference cancellation MSE with different p,. . . . . . . . . ... .. .. 98
5.6 Learning curves of PIC output SINR with f47; = 1 x 10~* and SNR = 30 dB. 98
5.7 Learning curves of PIC output SINR with f4T; = 5x 10~* and SNR = 30 dB. 99
5.8 SER for various SNR values with fq7y =1 x107% . . . . . ... ... ... 99
5.9 SER for various SNR values with fq7, =5x107*. . . . . . ... ... ... 100
5.10 SER for various fqT; values with SNR =30dB. ... ... ... .. .. .. 100

xii



Abbreviations

e ACA-DFE: adaptive channel-aided decision feedback equalizer/equalization
e AWGN: additive white Gaussian noise

e BER: bit-error-rate

e CBDFE: channel-aided blind decision feedback equalizer/equalization
e (CCI: co-channel interference

e (CCINR: co-channel interference-to-noise ratio

e CDMA: code division multiple access

e CMA: constant modulus algorithm

e (SI: channel state information

e DFE: decision feedback equalizer/equalization

e DFGSC: decision feedback genéralized,sidelobe canceller/cancellation
e DOA: direction of arrival

e DOF: degree of freedom

e FIR: finite impulse response

e GSC: generalized sidelobe ‘canceller /cancellation

e [IR: infinite impulse response

e INR: interference-to-noise ratio

e ISI: inter-symbol interference

e LBDFE: blind decision feedback equalizer/equalization proposed by Labat et al.
e LCMP: linearly constrained minimum power

e LCMYV: linearly constrained minimum variance

e LMS: least-mean-square

e LSMI: loaded sample matrix inversion

e MAT: multiple access interference

e MBER: minimum bit-error-rate

e MIMO: multiple-input multiple-output

e MLSE: maximum likelihood sequence estimator

e MMA: multimodulus algorithm

xiii



MMSE: minimum mean-squared-error

MSE: mean-squared-error

MSER: minimum symbol-error-rate

MV: minimum variance

NLMS: normalized least-mean-square
OFDM: orthogonal frequency division multiplexing
PIC: parallel interference cancellation

QAM: quadrature amplitude modulation
QPSK: quadrature phase-shift keying

RLS: recursive least-squares

SER: symbol-error-rate

SDMA: space division multiple access

SGA: stochastic gradient algorithm

SIC: successive interferende cancellation
SINR: signal-to-interference plus noise ratio,
SISO: single-input single-output

SNR: signal-to-noise ratio

SOCP: second-order cone programming

STE: space-time equalizer/equalization

ULA: uniform linear array

V-BLAST: vertical Bell Laboratories layered space-time
WCPO: worst-case performance optimization

ZF: zero-forcing

xiv



Mathematical Notations

e (-)*: complex conjugate

e (-)T: transpose

e ()" Hermitian transposition

e (-);: real part of the complex number

e (-);: imaginary part of the complex number

e min{-}: minimization

e Dec{-}: decision

e E{-}: expectation

e |-||: two-norm

e Diag{-}: diagonal matrix whose main diagonal is the included vector
e Tr{-}: matrix trace

e ®: convolution

e post{-}: postcursor-taking operation

XV



Chapter 1

Introduction

1.1 Basics of Beamforming

Recently, beamforming techniques have received great interests in wireless communica-
tions and they can achieve performance and capacity enhancement without the need for
additional power or spectrum allocation[1]s[3]. A beamformer is used with an array of
antennas to realize the idea of.spatialtfiltering. . This spatial processing leads to more
degrees of freedom (DOFSs) in-the system design, which can help improving the overall
performance of the system. The objeetive-of beamférming is to estimate the signal arriv-
ing from a desired direction in the presence ofinterference and noise. A block diagram of
a typical narrowband beamformer is shown in Fig. 1.1. The term adaptive beamformer is
used when the weights are adjusted in a dynamic fashion, as required by a performance in-
dex of the system [4]. The adaptation process is normally under the control of the system.
An adaptive beamformer may be used in a variety of ways to improve the performance
of a wireless communication system. Perhaps most important is its capability to cancel
interference. It works on the premise that the desired signal and unwanted interference
arrive from different directions. The beam pattern is adjusted to suit the desired signal
and to reject the interference from different antennas with appropriate spatial filtering.
The scheme needs to differentiate the desired signal from the interference and this nor-
mally requires either the knowledge of a training signal, or the direction of arrival (DOA)
of the desired signal and/or the interference to achieve this aim.

The linearly constrained minimum variance (LCMV) considered by Frost [5] is one of

the commonly used criteria for interference and noise suppression provided that the DOA



information of the desired signal is known a priori. The generalized sidelobe canceller
(GSC) proposed in [6] is often used for the realization of the LCMV beamformer. How-
ever, the conventional GSC is known to be quite sensitive even to a slight mismatch of
the desired signal’s DOA, which can easily occur in practice as a consequence of signal
pointing errors. When a mismatch exists, the GSC tends to misinterpret the desired signal
component in input as interference and to suppress this component instead of maintain-
ing distortionless response towards it. This phenomenon is called signal cancellation and
may cause severe degradation of the beamforming performance [7]. Also, due to the spe-
cial structure of the GSC, when an adaptive algorithm like the least-mean-square (LMS)
is applied for weight adaptation, the error signal, used in the LMS algorithm, always
contains the desired signal (even in steady state). This large error signal magnifies the
stochastic gradient in the LMS algorithm resulting a large mean-squared-error (MSE). In
order to reduce the MSE, the step size;sasparameter controlling the LMS convergence,
must be small and it essentially makesythe LMS converge slowly. Seeking robust and

efficient beamforming structure isstill an onsgoing-research topic even nowadays.

1.2 Basics of Space-Time Equalization

In wireless communications, the co-channel interference (CCI) due to multiple access and
the inter-symbol interference (ISI) due to multipath channel often cause severe signal dis-
tortion and limit the system performance [8], [9]. Lately, there has been a growing interest
in applying adaptive antenna arrays and space-time signal processing techniques to solve
these problems [3]. The common approach is to use a beamformer for CCI reduction and
an equalizer for ISI compensation. These two devices can be further combined into one
named space-time equalizer (STE) [10], [11]. The application of STE is beneficial to com-
munication quality and system capacity, subsequently improving the overall performance
even in severe channel environments.

The optimum STE is known to be a maximum likelihood sequence estimator (MLSE)
operated in space-time domain [11]. However, the MLSE is notorious for high computa-
tional complexity. A suboptimum approach with a hybrid of a linear filter and a Viterbi

equalizer was proposed in [12]. Even so, the implementation complexity is still high and



it limits the MLSE-like structure in real-world applications. The STE performing both
beamforming and equalization as mentioned previously is what researchers consider most.
The general structure of this kind of STE consists of an antenna array and a temporal
filter bank [13], [14], as depicted in Fig. 1.2. Either a linear equalizer or a decision feed-
back equalizer (DFE) can be applied to the structure. Although the performance of this
structure is satisfactory, its computational complexity is quite high. The other problem is
that when an adaptive algorithm is applied, the convergence is slow especially operating
under a large number of antenna elements and a severe fading channel. To ease these
problems, another structure being a hybrid (or cascade) of a spatial filter and a temporal
filter was proposed for the STE [15], [16], as illustrated in Fig. 1.3. It requires lower com-
putational complexity and the convergence is faster. However, the space-time information
of the received signal will not be fully exploited and there will be some performance loss.

A training sequence is usually required .to train the STE prior to its use. In some
applications, however, spatial informatienscorresponding to a desired user is available,
but the training sequence is nots+ A typical example is the beamforming approach in
space division multiple access (SDMA) systems. This a priori spatial information may be

utilized to avoid the need of thé training sequence and enhance the performance of the

STE.

1.3 Basics of Spatial Multiplexing in Multiple-Input
Multiple-Output Systems

In recent years, much attention is paid in the development of multiple-input multiple-out
(MIMO) systems. With the use of multiple antennas at both transmitter and receiver, the
spectral efficiency of a communication system can be increased dramatically [17]. Fig. 1.4
shows a typical configuration of a MIMO system. MIMO signaling can improve wireless
communications in two different ways: diversity methods and spatial multiplexing. Diver-
sity methods improve the robustness of the communication system by suitably combining
the multiple paths between transmit and receive antennas. Spatial multiplexing, on the
other hand, emerged from the fact that in a rich scattering environment it is possible for

the receiver to detect different signals that are transmitted simultaneously from multiple



antennas. Our focus here is on the later case. A successive interference cancellation (SIC)
approach, known as the vertical Bell Laboratories layered space-time (V-BLAST) system,
is commonly used for spatial multiplexing to achieve a substantial portion of the Shannon
capacity for MIMO channels [18]. However, it requires high computational complexity,
and the ordering operation inherent in the SIC structure often increases the processing
delay and restricts the use of adaptive realization. In general, the V-BLAST system can
only be blockwisely updated in time-varying channel environments [19]. Even with the
blockwise update, re-calculation of tap weights and re-ordering often make real-world
implementations difficult. Recently, an alternative adaptive SIC-based detection scheme
was proposed in [20]. Nevertheless, in order to maintain good detection performance for
time-varying MIMO channels, it requires many efforts and this makes the whole process
rather complex. All these make the V-BLAST like approach a bit difficult to realize in
rapid changing environments.

Lately, parallel interference eancellation (PIC) detection schemes were proposed for
signal detection in MIMO systems: [21]-[25]+ The principle of PIC has its origin in code
division multiple access (CDMA) nuiltiuser detection [26], [27]. It has the advantages of
low computational complexity and.low processing delay. Contrast to SIC, PIC detects
different data symbols from different transmit antennas in parallel and it is generally im-
plemented with a multistage structure. Since PIC does not require the ordering operation,
it is more adequate for adaptive implementations. The conventional PIC can provide sat-
isfactory performance in time-invariant channel environments. However, its performance
can be significantly degraded in time-variant channel environments. This is due to the

error propagation effect inherent in the multistage PIC scheme.

1.4 Outline of Dissertation

As mentioned, the convergence of the adaptive GSC is slow. Also, it is sensitive to
model mismatch. Due to these problems, application of the adaptive GSC in time-variant
systems and real-world implementations may be difficult. In this dissertation, we propose
a new approach that can effectively solve these problems. The main idea is to introduce

a decision feedback operation such that the desired signal of the GSC is cancelled from

4



the error signal. With the operation, the adaptation of the GSC can be accelerated and
signal cancellation due to model mismatch can be avoided. We call the new scheme the
adaptive decision feedback GSC (DFGSC). The DFGSC is then extended to the STE and
the MIMO PIC detection problems. This dissertation contains five chapters in addition
to this introductory chapter.

In Chapter 2, we develop the DFGSC overcoming the aforementioned problems of
insufficient robustness and slow convergence. We introduce a single-tap decision-directed
equalizer and a single-tap feedback filter in the GSC. We will show that robustness against
DOA mismatch is improved. The LMS algorithm, well-known for its simplicity and effec-
tiveness, is applied for weight adaptation. The convergence behavior of the LMS-based
DFGSC is fully analyzed and the analytic signal-to-interference plus noise ratio (SINR)
is derived. Simulation results demonstrate that while the proposed structure can consid-
erably enhance the overall performance; it has greatly improved robustness as compared
to other existing robust adaptive beamfermers. ‘

In Chapter 3, we consider the space—;time‘communication scenario in which the spatial
information corresponding to ‘a desired user is avéilable, but the training sequence is
not. The desired signal is corrupted by both CCI and ISI from different space and time.
We propose an adaptive decision feedback STE to cope with this problem. Our scheme
consists of an adaptive DFGSC, a blind DFE, and a channel estimator. The proposed
decision feedback STE is not only superior to the conventional GSC, but also robust to
multipath channel propagation and spatial signature error. Theoretical results are also
derived for optimum solutions, convergence behavior, and robustness properties. With
the special channel-aided architecture, the proposed blind DFE can reduce the error
propagation effect and be more stable than the conventional blind DFE. Simulation results
show that the proposed STE is effective in mitigating both CCI and ISI even in severe
channel environments.

Chapter 4 focuses on the extension of the channel-aided structure developed in Chap-
ter 3 to the general LMS-based minimum mean-squared-error DFE (MMSE-DFE) prob-
lem. The main objective is to improve the robustness against error propagation. To

do that, a specifically designed channel estimator is introduced in the decision-directed



mode. Unlike the conventional DFE, the proposed adaptive channel-aided DFE (ACA-
DFE) only adapts the feedforward filter with the LMS algorithm. The feedback filter,
however, is obtained from the postcursors of the estimated channel convolved with the
feedforward filter. As a result, the proposed ACA-DFE can reduce the error propagation
effect and perform better than the conventional adaptive DFE, especially in time-variant
channels. We also demonstrate that the ACA-DFE can be extended to MIMO systems
improving the performance of the conventional adaptive MIMO DFE.

In Chapter 5, an adaptive two-stage PIC detection scheme with the minimum variance
(MV) criterion is proposed to enhance the performance of signal detection in time-variant
MIMO systems. Adaptation with the MV criterion is realized with the DFGSC. In the first
stage cancellation, a dual-DFGSC configuration being effective in time-variant channel
environments is developed. Due to the good performance of the first-stage processing,
only matched filtering is required in_the:second stage to achieve near optimum results.
All adaptation operations are implemented withthe LMS algorithm. Optimum solutions
are provided and convergence behavior; is also analyzed. With the proposed structure,
the estimated channel information can“be utilized to improve the detection process and
the probability of lost track in changing environments is substantially reduced.

Finally, conclusions and future work are given in Chapter 6. Throughout the dis-
sertation, we utilize the superscripts/subscripts (-)*, ()T, ()#, (), and (-); to denote
conjugation, transposition, Hermitian transposition, real part and imaginary part of the
complex number, respectively. Also, the operators min{-}, Dec{-}, E{-}, || - ||, Diag{-},
Tr{-}, ®, and post{-} represent minimization, decision, expectation, two-norm, diagonal
matrix constructed by the included vector, matrix trace, convolution, and postcursor-

taking operation, respectively.
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Chapter 2

Adaptive Decision Feedback
Generalized Sidelobe Cancellation

2.1 Introduction

Beamforming technology [4], [28], [29] plays an important role in radar, sonar, microphone
array speech processing, and, moretecently, wireless communications [1]-[3]. The LCMV
is a commonly used criterion for a beamformer to suppress interference and noise. The
GSC makes the implementation of the LEMV much more efficient. It can effectively re-
duce the computational cost, especially implemented with adaptive algorithms. However,
whenever the actual and presumed DOA-of the desired signal is different, the performance
of the adaptive GSC degrades significantly. The conventional approach to the design of
a beamformer assumes that the desired signal is absent in the training period. In such
a case, the beamformer is known to be sufficiently robust against mismatch errors in the
array response [30]. Unfortunately, in typical applications, including wireless communi-
cations, the signal-free training snapshots are difficult to obtain or even not available. It
makes the instinctive robustness absent from these applications.

In [31], a spatial domain notch filter has been incorporated into the conventional GSC
to exclude the desired signal component in the beamformer input. Robustness is then
guaranteed because of the signal-free operation. It also lessens the deviation between the
adaptive and optimum weights, and improves the convergence rate. The main disadvan-
tage of this approach is the need of a sharp notch filter and a slave array for recovering

the desired signal. There are several ad hoc approaches to the design of robust adaptive



beamformer, e.g., exploiting the eigenspace-based structure [32], [33], main beam con-
straints [34]-[36], diagonal loading [37] and matrix tapers [38] (see also [30] and [39] for a
good summary). Other well-defined methods for designing robust adaptive beamformer
include modifying the original optimization problems [40], [41]. They employ additional
constraints in optimization and hence the beamforming capabilities lessen. In [42], the
signal cyclostationarity was exploited for providing robustness for array processing; how-
ever, the implementation of the algorithm needs a prior: information on some auxiliary
parameters, and suffers from high computational complexity. A mathematically tractable
method called the worst-case performance optimization (WCPO) was proposed recently,
and formulated by the second-order cone programming (SOCP) [43]. Later, a more gen-
eral approach of the algorithm was analyzed and the online implementation complexity
was reduced to the order of O(N?) [44], where N is the dimension of the beamformer.
Unfortunately, the WCPO approach cannet be applied to the GSC scheme directly. Also,
the computational complexity is«still rather high. ‘

To reduce the implementation com[;lexity, the weights in the GSC can be estimated
using adaptive methods and these result n adaptivé beamforming structures. The LMS
algorithm is widely used in adaptive processing. It is well-known for its simplicity and
robustness [45]. However, due to the special structure inherent in the GSC, the conver-
gence rate of the LMS algorithm may be quite slow. Although we can use the recursive
least-squares (RLS) algorithm to improve the convergence rate, the computational com-
plexity will be substantially increased. In [46]-[48], a sophisticated direct data-domain
least-squares algorithm solved by the conjugate-gradient method was proposed for adap-
tive beamforming. With reduced computational complexity, this method can still provide
fast response to dynamic environments.

In this chapter, we present an adaptive DFGSC to overcome the insufficient robustness
and slow convergence problems mentioned previously. In wireless communications, the
transmitted symbols have discrete values. We can then take advantage of this character-
istic and employ a decision feedback scheme. We introduce a decision-directed equalizer
and a feedback filter in the GSC structure. This structure can eliminate the desired signal

component from the error signal. With this modified error signal, the proposed DFGSC
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can avoid the signal cancellation problem and provide extra robustness against a DOA
mismatch. The computational complexity can be kept on the order of O(N). Meanwhile,
the modified error signal allows the use of a large step size and the convergence rate of
the LMS algorithm can be greatly accelerated.

This chapter is organized as follows. In Section 2.2, the signal model of a narrowband
GSC beamformer and its classic solution are described. In Section 2.3, we propose the
DFGSC structure and derive its optimum solution. In Section 2.4, we give the mismatch
model and analyze the behavior of both the GSC and DFGSC with a DOA mismatch.
Section 2.5 analyzes the convergence behavior of both the adaptive GSC and adaptive
DFGSC (with the LMS algorithm). The weakness of the GSC structure in this adaptive
implementation and the amendment by the decision feedback technique is examined.

Finally, simulation results and summary are given in Section 2.6 and 2.7, respectively.

2.2 Background
2.2.1 Signal Model

Consider a uniform linear array (ULA) of N.antenna elements. Let a desired signal from
far field impinge on the array from a'kmown DOA 6, along with M uncorrelated interfering
signals from unknown DOAs {6, 6, - , 0y}, respectively. With the first element as the

reference point, the N x1 desired signal’s steering vector is given by
3(00) — [1’ eiToo’eiQTgo’ .. ’ei(N—l)TGO]T (2‘1)

where i = /=1 and 75, = (2md/L)) sinfp, in which d is the element spacing and Ly is
the signal wavelength. Similarly, a(f,,) = [1,e"m e?2%m ... N=Umn]T (1 < m < M)
corresponds to the interference arriving from direction 6,,, with 7y, = (27d/L)) sin 6,,.
Then, the kth snapshot of the Nx1 received equivalent baseband signal vector at the

ULA can be written as

x(k) = a(fy)so(k Z ) Sm (k) + n(k)
2 s(k) +1(k)+n(k) (2:2)
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where sqo(k) denotes the desired signal, s,,(k) (1 < m < M) the mth interfering signal,
s(k) = a(fo)so(k), i(k) = oM, a(0,,)sm(k), and n(k) the additive noise vector in the
array. Each noise component is assumed here to be spatially white and Gaussian with
a variance of o2. As shown in (2.2), we have decomposed the received signal into three
components: desired signal, interference, and noise. For communication applications,
So(k) corresponds to the channel output which is a convolution of the channel response
and the original transmitted symbol sequence. For simplicity, we only consider quadra-
ture phase-shift keying (QPSK) modulation and flat fading channel environments in this
chapter. Thus, we can have so(k) = h(k)by(k), where h(k) is the channel response and
bo(k) is the desired transmitted symbol. The channel response can be further expressed

as h(k) = B(k)e®®), where 3(k) is the amplitude response and ¢(k) is the phase response.

2.2.2 Conventional Generalized Sidelobe Canceller

The narrowband beamformer output at time imstant k, i.e., y(k), can be expressed as
y(k) = wix(k), where w is the weight vector:, The LCMV beamformer determines w
by minimizing the interference-and. noise output power under appropriate linear weight

constraints, which is given as
: i : He, _
min w" R;j,w,  subject to C'w="f (2.3)
W

where Ry, = E{(i(k)+n(k))(i(k)+n(k))H} is the input correlation matrix of interference-
plus-noise, C is an N x P constraint matrix, and f is a P x 1 response vector, with P being
the number of constraints. Several different philosophies can be employed for choosing
the constraint matrix and the response vector [39]. In many communication applications,
the correlation matrix Ry, is usually not available. Consequently, the input correlation
matrix Ry = E{x(k)x"(k)} at the receiver is used instead. The optimization problem
then becomes

min  w/R,w,  subject to CHw=f (2.4)

which is called the linearly constrained minimum power (LCMP) criterion [39]. The
following development will be based on this workable criterion. It is not difficult to

see that the optimum weight vectors solved by (2.3) and (2.4) yield the same gain and
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the same output spectrum when the signal is perfectly matched and the distortionless
constraint is imposed [39].

The GSC is an alternative formulation of the LCMV/LCMP beamformer. It has been
shown that the GSC can convert the constrained optimization in (2.3) or (2.4) into an
unconstrained one [6]. The structure of the conventional GSC is illustrated in the left
part of Fig. 2.1. As shown in the figure, the upper path includes the quiescent signal
matched filter w,. The lower path includes the blocking matrix B and the interference
cancelling filter w,. Ideally, the span of B is in the null space of C. From the left part

of Fig. 2.1, we can obtain the output of the GSC expressed as
y(k) = (wq — Bw,)"x(k) (2.5)

where wg is of dimension N x 1, B of dimension N x (N — P), and w, of dimension

(N — P) x 1. Using the constraint in (2:4); se can solve w, as
W, = C(CHC)'t. (2.6)

Let J = E{|y(k)|?} denote a cost function of MSE. The constrained optimization problem

in (2.4) can then be rewritten as+the following nnconstrained optimization problem.
min J =min (w, — Bw,)?R,(w, — Bw,). (2.7)
Then, we can find the optimum w, as [6]
Waopt = (BPRB)'B"Ryw,,. (2.8)
Let Wopt = Wq — Bw, opt. The MMSE for (2.7), denoted as Jpy, is calculated as

o H
Jmin = Wop RxWopt
H

=W, Rxwopt

= f7(C"R;'C)7'f. (2.9)

It is simple to see that Jp;, is just the minimum GSC output power, denoted as P, yin.
When the number of antennas is larger than the number of interfering sources, i.e., the

DOFs are high enough, and the distortionless constraint is set to the desired signal’s
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DOA, all interference tends to be cancelled in the GSC output [5]. The MMSE will then

be dominated by the output desired signal power.

Jmin =~ J§0|W(§Ia(00)|2

2 P, (2.10)

where o2, and P, denote the desired signal power (variance) in the beamformer input and
output, respectively.
The output SINR is a widely accepted performance measure for beamforming. The

optimum SINR can be written as

E{lwapis(k) 1’}

opt

Ef[wopix(k) — wopis(k) [P}

SINRopt = (2.11)

For the conventional GSC, the numerator of the SINR expression is just the power of the
desired signal in the output, as showil in (2.10),‘and the denominator of the SINR is the

power of the interference-plus-neise;inithe outputy which can be found to be

E{|W§)tx(k) - W(ﬁ)ts(k”?} = Po,min — Ps
= wfowopt — <7§0|wé:"a(00)|2

= W/ RinWopt.- (2.12)

The general expression for the optimum SINR can then be summarized as

Py

INRypt = ———.
> R‘Pt Po,min_Ps

(2.13)

Since C and f are known a priori, w, can be calculated offline using (2.6). The
optimum w,, however, depends on the input correlation matrix which cannot be known
in advance. A simple alternative to find the optimum w, is to use an adaptive training
method. The LMS algorithm, being one of the stochastic gradient methods, is known to
be a simple yet effective adaptive algorithm [45]. Using the cost function in (2.7), we can
calculate the stochastic gradient with respect to w:. The LMS update equation for w, is
written as

wo(k+ 1) =wu(k) + pav(k)e® (k) (2.14)
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where w, (k) is the estimate of w,op at the kth snapshot, v(k) = B¥x(k) is the filter
input vector (the output vector from the blocking matrix), p, is the step size controlling
the convergence rate, and e(k) is an error signal between the desired and actual outputs.
For GSC applications, we have e(k) = y(k).

As mentioned, the conventional GSC is sensitive to a DOA mismatch which can easily
occur in practical circumstances. Also, as seen from (2.14), the update term of the LMS
algorithm involves y(k), which will approach the output desired signal w/'s(k) ideally.
This indicates that the stochastic gradient in (2.14), i.e., v(k)y*(k), will not be close
to zero even for optimum weights. As a result, the excess MSE induced by the LMS
algorithm will be large. It has been shown that the excess MSE is roughly proportional
t0 ftaJmin [45], where Ji, is the MMSE value in (2.9). To reduce the excess MSE, we
then have to use a small step size and this slows the convergence of the conventional

LMS-based adaptive GSC.

2.3 Decision Feedback Generalized Sidelobe Canceller

In this section, we propose a new degcision feedback scheme to improve the robustness and
performance of the conventional GSCs Fig. 2.1 shows the whole structure of the proposed
DFGSC. The idea is to introduce a decision-directed equalizer and a feedback filter to
modify the GSC output y(k), which is then used as the error signal in the LMS adaptation.
The purpose of the decision-directed equalizer is to equalize the channel and the DOA
mismatch effect, and the feedback filter is to cancel any desired signal component in the
LMS error signal. Due to the scenario we considered, we only need one weight for the
equalizer and one weight for the feedback filter. Note that the decision-directed equalizer
and the feedback filter are trained by different error signals. The equalizer is trained by
the error signal between the output and input signals of the decision device while the
feedback filter is trained by the error signal between the GSC and the feedback filter
outputs. The advantage of this structure is that there will be no coupling effect between
these two filters. The decision-directed equalizer can recover by (k) with a phase ambiguity
and we will show that this is sufficient for our use. Although any other blind equalization

algorithms can be applied, we found that they may not be more effective for the scenario
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considered here. The optimum weight for the decision-directed equalizer is obtained by

minimizing an MSE criterion shown below.

min J =min E{|en(k)[*} (2.15)

where en (k) = bo(k) — wry(k), with by(k) being the detected symbol and wy, being the
equalizer tap weight. Taking the stochastic gradient of .J in (2.15) and applying the LMS

algorithm, we can obtain the update equation for w,, as
Wik + 1) = (k) + gy (R)ei () (2.16)

where p,, is the step size controlling the convergence behavior of w,,. It can be easily
shown that the tap weight in (2.16) can equalize the channel effect up to a phase ambiguity
of Lmw /2, where L = 1,2, 3 for QPSK modulation. Since our purpose is just to cancel the
desired signal component in the GSC output, knowledge of the exact transmitted symbol
bo(k) is not required. We now staté the reason: Let wy, denote the feedback tap weight
and wy, opt denote the optimum choice forit. We assume that wy, = wi‘;’opt and the decision
is correct, i.e., Bg(k) = bo(k). =Then, let the decision have a phase ambiguity of p, i.e.,
bo(k) = bo(k)ei. Tt is simple to see that if7we make wyy = e~ Pw} . the output of the
feedback filter will remain exactly the same:

With the proposed feedback structure, the cost function for the DFGSC is changed to

J =E{le(k)]"}

=Bl -l i) [ 40 2.17)

As mentioned, by(k) may have a phase ambiguity with respect to by(k), but this will not
affect the final result. For convenience, we simply assume that the decision is correct, i.e.,
bo(k) = bo(k) in the following analysis. Similarly, the channel effect h(k) does not have
any impact in our analysis and is assumed to be h(k) = 1. We may write the detected
desired signal as §o(k) = so(k) = bo(k) = bo(k). With the point distortionless constraint,

the minimization of the cost function in (2.17) can be written as

min J = min wglewq — Wf [RXB p} W
Wa, Wy We

H
—wl [Bpf}"] wq +wlRcw, (2.18)
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in which we let

we = [W] (2.19)

r.— (%] prws s = [P0 2] 220
and
b= Bx(R)5(1)) = o%,a(0) 221

where 0 denotes a zero vector with dimension (N — 1) x 1. We can set w, the same as
that in the conventional GSC. Taking the derivative of the cost function with respect to

w, and setting the result to zero, we can obtain the optimum we.

0.J B7R,
ot = ) [ o ] w, 4 2Rew, = 0. (2.22)

Thus,

C

H
We opn =2 R [Bp?x] Wy, (2.23)

Utilizing the special structure of R, we-can decothpose w, op¢ back into the two weights

Waopt = (BITRxB) 'BR,w, (2.24)
p
Wh,opt = 0_—2Wq = aH(eg)Wq. (225)

sq
With W, Waopt, Whept, and the result in (2.9), the minimum J of (2.17) (which is not

the minimum output power P, ;, in this case) for the DFGSC becomes
Jmin = W(?Rxwopt - U§0|W(§{a(00)|2
= W RinWopt. (2.26)
We can see that the desired signal component is totally excluded from the MMSE ex-

pression for the DFGSC and the resultant MMSE can thus be small. From the equations
given above, we find three notable features of the DFGSC.

e The expression of w, ot in (2.24) is the same as that in the conventional GSC.

e The effect of the additional feedback tap weight is only to reduce the minimum value
of the cost function. Since wq and w, oy remain the same, the minimum output

power is not affected.
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e From (2.25), the output of the optimum feedback filter wy . 50(k) can be shown to
equal wf s(k), which is exactly the desired signal component in the output upon

ideal error-free conditions.

Equation (2.13) is still valid for expressing the optimum output SINR for the DFGSC,
where P, 1, used is the minimum output power as given in (2.9). Therefore, the optimum
GSC performance is not enhanced by the decision feedback operation. However, when
there is a DOA mismatch or the LMS is used to estimate those optimum weights, the
performance can be greatly improved by the decision feedback structure. This will be
elaborated in the next two sections. Similarly, the LMS update equations for the tap

weights of the DFGSC can be written as

Wa(k +1) = wa(k) + pav(k)e* (k) (2.27)

wy(k + 1) (k) + pnso(k)e” (k) (2.28)

where y1, is the step size for w,, iy, 19 the step size for wy,, v(k) is the filter input vector, and
e(k) = y(k)—wi(k)so(k). Unlike the con\}ent‘ional GSC, the steady-state e(k) will exclude
the desired signal component and hence can be quife small. It is where the improvement
of the DFGSC stems from. The derivations givén above are based on the assumption
that the decision is correct. Actually, decision errors occur sometimes. In general, they
can be seen as some sparse noise added to the error signal e(k). If the error rate is low,
this will only increase the MSE slightly. We will show by simulation that even when the
decision error rate is high (signal-to-noise ratio (SNR) is low), the overall performance of
the DFGSC is still better than (or at least the same as) that of the conventional GSC.
In implementations, the GSC is usually come with the steering delays. They ensure
that the desired signal effectively appears at 0° and the computation of w, and B can be
much simplified. For example, w, becomes an all-one vector. For the case of N = 2!, where
[ is any nonnegative integer, a simple choice for B is the Hadamard matrix (excluding
the first column). In this case, with the point distortionless constraint only, the complex
multiplications required for the conventional adaptive GSC are 2(N — 1) per snapshot
and those for the adaptive DFGSC are 2(IN + 1) per snapshot. Four additional complex

multiplications are used for the decision-directed equalizer and the feedback filter. For
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N =8, 16 and 32, the increases of complex multiplications in the DFGSC are 28.6%, 13.3%
and 6.5%, respectively. We can see that the growth in complexity becomes negligible as

the number of antennas is large.

2.4 DOA Mismatch Analysis
2.4.1 Mismatch Signal Model

From Section 2.2, we have defined the expression of the signal steering vector under
perfectly matched conditions. If there is a mismatch between the actual and presumed
desired signal’s DOA, i.e., 6, = 0o + A, where 0, is the estimated DOA and A is the

mismatch value, we may rewrite the steering vector as

a(fy) = a(fy + A)

— [1’ ez’asin(éo—l—A) i2asin(fo+A) ei(N—l)a sin(éo-i—A)]T (2.29)

’e ’...’

with a = 2wd/Ly. With modern DOA! estimation -methods [2], [39], A is generally small

(if existed). Thus, we can have
sin(f 4 A) ~ sin(6g)+ A cos(6y). (2.30)

We may approximate the mismatch steering vector as
a(Gg) ~ [17 ezasm00 . ezaAcos 90, ez2asm00 . ez?ozA cos00, .

ez'(N—l)asinéo . ei(N—l)aAcoséo]T (2.31)

in which each element in the mismatch steering vector is composed of an ordinary steering
term multiplied by another mismatch steering term. Without loss of generality, we let the
system be pre-steered, i.e., 0o is adjusted to 0°. The mismatch steering vector can then

be simplified to

a(fo) = a(A)

~ iaA 120
[1,e" e

e ,e’i(Nfl)aA]T. (232)

We use (2.32) as the desired signal’s steering vector for the following analysis. Then, s(k),

being equal to a(fy)so(k), becomes a(A)sq (k).
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2.4.2 Mismatch Analysis with GSC and DFGSC

With an estimation error of the desired signal’s DOA, w, is not matched to the desired
signal’s steering vector, and B cannot obstruct the desired signal entering the input of the
interference cancelling filter. If there are enough DOFs, the filter will cancel the desired
signal from the quiescent filter output. The so-called signal cancellation occurs. In the
case of the conventional GSC, even with the optimum weight vector (under distortionless
constraint), it does not provide the ability to maximize the SINR anymore [7]. The
expression of the optimum output SINR for the conventional GSC is again the same as
given in (2.13), but now Ps changes. The output desired signal power in the conventional
GSC becomes

Ps = cri()|(wq — Bw,opt) " a(A)? (2.33)

which is different from (2.10) because w/’  B*"a(A) is not zero now. The actual amount
of signal attenuation depends upon the power of the signal and the amount of error
[49]. The minimum output power B yis-for calculéting the optimum output SINR of the
conventional GSC in mismatch is the same as (29)

On the other hand, we can show ‘that the'signal cancellation phenomenon is avoided in
the DFGSC. Since a correlation exists between the two signal paths in the GSC structure

whenever a mismatch exists, the optimum solutions for w, and w;, in the DFGSC are

coupled together. From (2.23), we have

Weopt = [Zzzz:] —R.! [BEEX] W, (2.34)

with
p =0 a(A) (2.35)

and
R, = [B};E;‘B :;j (2.36)

where m = o2 B”a(A), which is the correlation between the blocking matrix output
Bfx(k) and the decision 5¢(k). By using the inversion identity for subblock matrices

50|, we can find the inverse of R, and so w¢ o, in (2.34). For reference, we give the
,0p g
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inversion form used here as

ALA)T Sp! —SplALAL! (2.37)
As Ayl | FATASS) AT ATTASSTALALY '

where Sp = A, — AQAZlAg is the Schur complement of A,. After some manipulation,

we have
_ (BHRinB)ilBHRin
We,opt = |:aH(A)[I — B(BHRinB)leHRin] Wa (238)
and thus the coupled w, oy and wy ope can be written as
Waopt = (BPRiu,B) 'BPR;,w,, (2.39)
Whopt = a7 (A)(Wq — BWaopt)- (2.40)
The MMSE of the DFGSC with mismatch can then be solved to be
H
i = wfowﬂl — wf [RXB p} R’ [Bpi{x] W
= w/'RinWq — W, RinB(B"RinB) 'B"Rinw,
= w! RinWops: ‘ (2.41)

It is equivalent to say that the error:signal-contains no desired signal. This result can also
be seen as the fact that from (2.40), the.output of the optimum feedback filter wy , 30 (k)
is equal to (wq — Bw, o) s(k), which is again exactly the output desired signal. Tt
makes the interference cancelling filter have no means to cancel the desired signal in the
GSC output. Here, we notice that the optimum weights are modified. From (2.24) and
(2.39), we observe that the only difference between the two solutions of w, o is that the
correlation matrix involved is changed from Ry to Ri,. The expression in (2.39) can be
explained as the solution of the originally unreachable LCMYV optimization problem given

in (2.3), or its GSC implementation as

min (wq — Bw,)"Rip(w, — Bw,). (2.42)

Wa

As said previously, this criterion is generally not workable in practical situations for wire-
less communications because Rj, is not available at the receiver. However, the proposed
method can equivalently minimize this criterion. This is where the robustness comes from

and why signal cancellation can be avoided.
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Although the optimum interference cancelling filter is changed, the expression in (2.13)
is still valid for calculating the optimum output SINR for the DFGSC. The power of the
desired signal in the output is the same as (2.33), but for the DFGSC in mismatch, the

minimum output power should be calculated as

Pyin = W Ry Wopi. (2.43)

opt

In Section 2.6, we will use simulation results to depict the output SINR difference between

the conventional GSC and DFGSC.

2.4.3 A Start-Up Approach for DFGSC with Mismatch

In the LMS-based adaptive implementation, a remaining problem is how to acquire correct
decisions initially whenever a DOA mismatch occurs. In this situation, the desired signal
may be too weak to initiate the decision-directed equalizer. A straightforward method is
to use training. From experiments, we find-that the number of training snapshots needed
is usually small for both the feedback filterand equalizer. An alternative method is to
add derivative constraints, which is a Classic approach for providing robustness against
mismatch. With suitably chosén derivative constraints, the DFGSC can exclude the
use of training snapshots and acquire correct decisions chiefly. The disadvantage of this
approach is that the DOFs are reduced and so the interference and noise suppression
ability degrades.

We now develop a scheme which can let the DFGSC skip the use of training symbols in
the initial phase and reach the good SINR performance through adaptation. The idea is to
use enough number of derivative constraints for the DFGSC initially and then release the
constraints gradually. The initially broadened main beam can tolerate a certain amount
of DOA mismatch value and ensure that there is enough desired signal strength in the
quiescent filter output. Then, the equalizer can effectively converge without training.
After convergence, the DFGSC may release the constraints one by one. This increment in
the DOF's makes the beamformer have the opportunity to strengthen the interference and
noise suppression capability. The detailed operation of this start-up approach is stated as

follows. For illustration, we assume that the number of point-plus-derivative constraints
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is changed from p to p—1, and so the DOFs increase from N —p to N — (p—1). We denote
the blocking matrix, the quiescent signal matched filter, and the interference cancelling
filter when the DOFs are N —p as By_,, Wqn_p, and w, y_,. With 0° pre-steering, w,
can be calculated beforehand with any DOF and B can be arbitrarily chosen according
to the subspace constraints. To add the blocking matrix only one column and increase
the DOF's one at a time, we need the following preliminaries.

Initialization:

1) Prepare the projection matrix for By_(,_1) as
Pyx_p-1) = Brv_p-1)BY_(,_1)- (2.44)

2) Calculate the projection of the ready to throw away column of the derivative con-

straint in C onto the subspace spanned by columns of Bﬁ_(p_l) as
bN—(p—l) = PN—(p—l)cp- (245)

3) Prepare a vector holding the difference between the new and old quiescent weight

vector
dy a1 = WoN—(p=1) — Wa,N—p (2.46)

add a zero tap weight to form the new interference cancelling filter
wa,N—(p—l) = [Wa,N—p 0] (247)

and define a sequence I' with elements monotonically increasing from 0 to 1, e.g., I' =
{Y0,71," - ,y7_1}, where T is the sequence length. We may use a simple sequence 7, =
1-(T-1)—-k)/(T—1),with0<k<T-—1.

Note that the length 7" indicates the number of snapshots during the transition. The
longer the length is, the smoother the transition becomes. As a rule of thumb, it may be
proportional to the average time constant of the LMS algorithm, which is approximated

as [45]
1

—_ 2.4
T (2.48)

~
Tav ~

where \,, is the average eigenvalue for the underlying correlation matrix. Since the

transient response settles in about four times of this average time constant, the length of
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I' can be chosen to be somewhat larger than 47,,, e.g., 57,,. It guarantees that there is
enough smoothness and no waste of snapshots during transition. After the initialization,
the DFGSC can adopt the new adaptation settings as below.

Transition:

1) Estimate the new weight vector w, y_(,—1) iteratively according to the new blocking

matrix and quiescent weight vector as

Br—p-1) = [Bn-p Wbn-(p-1)] (2.49)

W, N—(p—1) = Wa,N—p + YedNn—(p-1) (2.50)

with v, acting as the kth element in the sequence T used for the kth snapshot.
2) Repeat step 1) until v, = 1.
Using the above procedure, the DFGSC can skip the use of training without degrading

the SINR performance eventually.

2.5 Convergence ‘Analysis

In this section, we give the convergence amalysis for both the adaptive GSC and adaptive

DFGSC.

2.5.1 MSE in Steady State

Let the MSE in steady state of the LMS algorithm be denoted as J(oco). Then
J(00) = Jiin + Jex(00) (2.51)

where Ji, is the MMSE solved by Wiener equations and Je, (00) is the excess MSE caused

by the LMS adaptation. Also define the weight-error vector as
€(k) = wa(k) — Waopt- (2.52)
Using the the direct averaging method [45], we have

ek +1) = (I - p.B"RxB)e(k) + B x(k)es (k) (2.53)
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where eqpi (k) denotes the error signal produced with the optimum weights. Define the

correlation matrix of the weight-error vector as
K(k) = E{e(k)e” (k)}. (2.54)

Invoking the independence assumption [45], we can obtain the recursive relation of K(k)

as
K(k+1)= (1 pu.B'RB)K(k)(I — 1. B'RB) + pi2 Jnin B/R,B.  (2.55)

Under this premise, the excess MSE is written as
Jex (k) = Tr{B"R,BK (k)}. (2.56)

As k — oo, the excess MSE is given by

N—-P
JeX(OO) = Jmin

=1

where \;(BZR,B) indicates thé Ith eigéivalue 6f BYR,B. Hence, the excess MSE is

1\ (BER,B)
2 — 11\ (BFR4B)

(2.57)

roughly proportional to the resultant MMSE and the step size used.

2.5.2 SINR in Steady"State

The output SINR in steady state is used as the performance measure for the adaptive
GSC and adaptive DFGSC. The transient SINR of both schemes can be written as

O E(WIRsR)
SINR(R) = EUm(Rx(®) — w (Rt} (2.58)

Without mismatch, as & — oo, the numerator of the SINR expression is the same as P

given previously in (2.10); however, the denominator of the SINR is changed to

E{|[w" (00)x(00) — w' (c0)s(c0)[*}
= w/'Rywop + Tr{B"RyBK(c0)} — P,

= {7o,min + Jex(oo) - Ps (259)

where P, iy specifically denotes the minimum output power as given in (2.9). Thus, the
steady-state SINR with the LMS algorithm can be summarized as

P

SINR = .
TS Po,min + Jex(oo) - Ps

(2.60)
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Equation (2.60) shows how J(oc) affects the steady-state SINR. The smaller the excess
MSE value is, the larger the steady-state SINR becomes. From (2.57), we can see that
Jex(00) is proportional to Jy,. For the conventional GSC and DFGSC, their MMSEs are
shown in (2.9) and (2.26), respectively. It is apparent that the MMSE of the DFGSC
is much smaller. As a result, with the same step size, the output SINR of the adaptive
DFGSC is higher than that of the conventional adaptive GSC.

In the DOA mismatch case, we define J2 (c0) as the excess MSE of the leaky desired
signal component present in the lower path. The corresponding correlation matrix of this

component is BTR;B where Ry = E{s(k)s” (k)}. Using (2.57), we can have

. Ma)\l(BHRSB)
9 = o) (BR,B)

J5 (00) = Jm (2.61)

since only one eigenvalue of B R¢B is nonzero. The expression of the steady-state output
SINR with mismatch is then slightly modified as

Pie T3 (00)
Poamin 4 Je(00)— (Px + J3(00))
In (2.62), Ps for both the conventional GSC-and DFGSC and P, i, for the DFGSC should

be changed to (2.33) and (2.43), respectively. Another well-known adaptive algorithm is
the normalized LMS (NLMS) algorithm. It has the advantages of better step size control
and faster convergence. However, its computational complexity is also higher. Though
the convergence behavior of the NLMS algorithm is similar to that of the LMS algorithm,

the theoretical analysis is more involved.

2.6 Simulations

Computer simulations are conducted to verify our analytic results and demonstrate the
effectiveness of the proposed algorithm. In all cases, we assume a ULA with N=16
omnidirectional antennas spaced half a wavelength apart. The transmitted symbols are
randomly generated from (£1+4). We consider one desired source and three uncorrelated
interfering sources coming from 0°, 20°, 50° and —35°, respectively. The total interference-
to-noise ratio (INR) is 60 dB, with 20 dB per interference. The SNR is 0 dB and the step
size for w, is 1 x 107°, unless specified otherwise. The step size for wy, is fixed at 0.01.

In all figures, at least 500 simulation runs are averaged to obtain each simulated result.
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2.6.1 Exactly Known Desired Signal’s DOA

In this set of simulations, only the point distortionless constraint is considered. The
flat fading channel coefficients for those signal vectors are independently and randomly
generated, and remain unchanged in each simulation run. For comparison purpose, all
these coefficients are scaled to let the average INR and SNR stick to the requirements.
Since the desired signal’s DOA is exactly known (no mismatch), no training is needed for
the DFGSC. First, we use the same step size for both the conventional adaptive GSC and
adaptive DFGSC and observe their convergence and steady-state SINR. Fig. 2.2 shows
the learning curves of both algorithms. Also shown is the optimum SINR value calculated
with the Wiener solution. From Fig. 2.2, we see that the adaptive DFGSC can achieve
higher SINR than the conventional adaptive GSC, and both algorithms are comparable
in convergence rate. As expected, the DFGSC can approach the optimum SINR much
closely, which means that the effect:6f the excess MSE induced by the LMS algorithm is
small. Fig. 2.3 reveals the beam patterns of both'adaptive schemes after 200 snapshots.
It is clear that the adaptive DEGSC performs better than the adaptive GSC in nulling the
interference. The difference betweer thetwoschemes is almost 10 dB for each interfering
source.

We then fix a target SINR, i.e., 11 dB, and choose suitable step sizes for both schemes
(pta = 3 x 107% and p, = 4 x 1077 for the conventional adaptive GSC and the adaptive
DFGSC, respectively). It is to compare the convergence rate of both algorithms. Fig. 2.4
demonstrates the results. As we can see, the DFGSC converges around 150 snapshots
while the GSC converges around 350 snapshots. The DFGSC converges much faster.

Next, we present the steady-state SINR achievable by the conventional adaptive GSC
and the adaptive DFGSC under different SNR environments. Fig. 2.5 shows the results.
We see that the achievable SINR for the DFGSC is proportional to the SNR and that for
the GSC is saturated when the SNR is high. The performance gap becomes significant in
high SNR regions.

Afterwards, we show the SINR performance with different step sizes used for w, in the
LMS algorithm. Fig. 2.6 gives the simulation results. It is clear that the larger the step

size, the lower the SINR performance. However, we notice that the SINR degradation due
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to large step sizes in the adaptive DFGSC is much smaller than that in the conventional
adaptive GSC. For this reason, the DFGSC can work with a large step size to achieve fast
convergence, which is very useful in time-varying environments. From all these figures
described above, we can conclude that when the LMS algorithm is used for adaptation,
the DFGSC can achieve higher SINR for the same convergence rate or faster convergence

rate for the same SINR. We also see that our theoretical SINR analysis is quite accurate.

2.6.2 Desired Signal’s DOA Mismatch

In this part, a scenario with a DOA mismatch is considered. We assume that there is a
2° difference between the estimated and actual desired signal’s DOA. Here, the step size
for w, is chosen to be 5 x 1075 for fast convergence. Fig. 2.7 shows the learning curves for
the conventional adaptive GSC with different constraint settings. From the figure, with
the point constraint only, the SINR will eventually degrade to around —8 dB. It means
that the desired signal is almost entirely. cancelled out by the interference cancelling
filter. Again, in the same figure, we see that with the additional first-order derivative
constraint, the conventional GSC exhibits some robustness against the mismatch, but the
signal cancellation still occurs. The steady—étate SINR for this case is about 2 dB.

We repeat the same experiment deseribed previously with the adaptive DFGSC and
show the results in Fig. 2.8. Here, the first 50 snapshots are used as training for the
scenario with the point constraint only and no training is required for the scenario with
the point and first-order derivative constraints. We see that these schemes with the two
different constraint settings achieve SINR about 9 dB and 7.5 dB, respectively. No signal
cancellation seems to occur. Adding the additional constraint lowers the SINR for the
DFGSC because DOF's are reduced. We conclude that the proposed algorithm can provide
notable robustness for the GSC structure. From Fig. 2.7 and Fig. 2.8, we also notice that
the simulated curves match the analytic ones well.

From the experiment in Fig. 2.8, we observe that for the 2° DOA mismatch, the point
and first-order derivative constraints are enough for the adaptive DFGSC to bypass the
training period. However, the output SINR lessens. To keep the blind nature for the

DFGSC structure and achieve higher SINR, we may adopt the approach described in Sec-
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tion 2.4.3. Fig. 2.9 shows the learning curve with the start-up approach for our mismatch
example. The DFGSC works with the point and first-order derivative constraints at the
beginning. After 100 snapshots, it smoothly switches to use the point constraint only.
The duration of transition is set to 80 snapshots (about 57,,). We see that the DFGSC
converges after about 200 snapshots without using any training snapshots.

Finally, we compare the performance for the DFGSC with some well-known robust
adaptive beamforming schemes against the DOA mismatch. The step size for w, is chosen
to be 1 x 107 here. The loaded sample matrix inversion (LSMI) algorithm, WCPO
algorithm, and eigenspace-based beamformer are chosen for comparison. The number of
training snapshots required by these robust methods is set to 100, which is large enough
for providing good performance [43]. The diagonal loading factor for the LSMI is taken to
be 1002, where o2 is the noise power in a single antenna element. The parameter ¢ in the
WCPO algorithm is selected to providejnearly the optimum performance [43]. Fig. 2.10
shows the simulation results. From thesfigure, fve observe that the performance of the
DFGSC is almost the same as the WCPO and LSMI algorithms in low SNR regions, but
the DFGSC outperforms all other algorithms in middle to high SNR regions. Based on
the results, we conclude that the' DEGSC is the‘only robust algorithm whose performance

is consistently close to the optimum from low to high SNR regions.

2.7 Summary

In this chapter, a new LMS-based adaptive DFGSC has been proposed. The DFGSC
introduces a decision-directed equalizer and a feedback filter in the GSC structure. We
theoretically show that the optimum interference cancelling filters for both the DFGSC
and conventional GSC are the same with perfectly known DOA. Robustness analysis for
the two schemes with a DOA mismatch is also given. We derive the Wiener solution
for the interference cancelling filter when the DFGSC is in mismatch and show that the
signal cancellation phenomenon can be avoided. On the other hand, when the optimum
weights are estimated by the LMS algorithm, the DFGSC gives significantly better results
than that of the conventional GSC. We have examined the convergence behavior of the

conventional adaptive GSC and the proposed adaptive DFGSC under perfectly matched
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and mismatched DOA scenarios. Simulation results verify that the DFGSC can achieve
higher SINR value for the same convergence rate or faster convergence for the same SINR,

and the DFGSC can keep the high SINR performance even in mismatch.
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Conventional GSC

Decision-Directed Equalizer

Feedback Filter

Figure 2.1: Block diagram of adaptive DFGSC.
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Figure 2.2: Learning curves for GSC and DFGSC with same step size.
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Figure 2.3: Beam patterns-of GSC and DFGSC in Fig. 2.2 after 200 snapshots.
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Chapter 3

Adaptive Decision Feedback
Space-Time Equalization with
Generalized Sidelobe Cancellation

3.1 Introduction

In wireless communications, CCEand ISI often-cause severe signal distortion. STE is
commonly used to tackle thisiproblem: “STE"consists of an antenna array, combined
with signal processing for both space and time doinains. As stated in Chapter 1, there
exists various kind of STEs. Nevertheless, all STEs mentioned previously are training-
based. In other words, we have to ‘transmit training sequences before actually using
them. It is well-known that transmission of training sequences will reduce the bandwidth
utilization efficiency and may not be always possible. In some applications, however,
spatial information corresponding to a desired user is available. For example, a receiver
may perform DOA estimation before signal detection. An SDMA system employed to
increase system capacity [51]-[54] transmits or receives signal from a certain direction
only. In these cases, it is possible to utilize the a priori spatial information and avoid
the requirement of training sequences. A straightforward idea is to use a GSC for CCI
suppression and a blind equalizer for ISI compensation. Unfortunately, the result of this
direct cascade is often far from satisfactory. The reasons are stated below.

For computational complexity consideration, the GSC is often implemented with an
adaptive structure. As stated in Chapter 2, the adaptive GSC with the LMS algorithm

usually converges slowly. The steady-state error signal is large even in the noiseless envi-

36



ronment. In addition to this, the adaptive GSC is sensitive to constraint mismatch, which
is caused by incorrect spatial information. In typical applications, constraint mismatch
can easily arise due to multipath channels and spatial signature errors.

It is well-known that the DFE can have much better performance than the linear
equalizer in severe fading channels. This statement is also true for blind equalization.
However, the blind DFE is difficult to derive and it is rarely reported in the literature.
The major contribution in this field is from Labat et al., who proposed an interesting
blind DFE in [55]. They used an infinite impulse response (ITR) whitening filter cascaded
with a blind finite impulse response (FIR) linear equalizer in the start-up period. After
convergence, it switches the cascading order of the IIR and FIR filters yielding a decision
feedback structure. At the same time, a decision-directed MMSE training is initiated. For
easy reference, we call this blind DFE as the LBDFE hereafter. One inherent problem
associated with the DFE is its error propagation effect and this will have even more impact
in its adaptive implementation. sSince the LBDEE uses the decision-directed training, it
is sensitive to error propagation. |

In this chapter, we propose .an adaptive STE for systems with a prior: spatial in-
formation. The proposed structure comprises'a DFGSC, a blind DFE, and a channel
estimator. The adaptive DFGSC structure can eliminate the desired signal component
from the error signal in the LMS algorithm. As a consequence, it not only improves CCI
suppression, but also allows the simple point distortionless constraint robust to multipath
channel environments and spatial signature errors. The proposed blind DFE adopts a
channel-aided structure yielding better ISI compensation and higher resistance to error
propagation. We will demonstrate that the proposed blind DFE performs better than the
LBDFE.

The chapter is organized as follows. In Section 3.2, the space-time signal model for the
STE is described. The effect of both CCI and ISI to the desired signal is also explained. In
Section 3.3, we describe a straightforward approach of a conventional GSC and an LBDFE
in a hybrid manner. In Section 3.4, we propose the new adaptive STE and describe the
corresponding operation mechanisms in detail. Section 3.5 shows that the proposed STE

is robust to general space-time multipath channels and spatial signature errors. Finally,
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simulation results and summary are given in Section 3.6 and 3.7, respectively.

3.2 Space-Time Signal Model

Consider a ULA of N antenna elements at the receiver. Let the N x 1 received continuous-

time equivalent baseband signal vector denoted by
x(t) = [2o(t) 21(t) - - av(t)]" (3.1)

where z,(t) (0 <n < N —1) is the signal received from the nth antenna element at time
t. Define an N x 1 vector a(f) as the spatial signature for the signal from the DOA 6. It
is written as a() = [1 % 2@ ... (N=1G]T where i = /—1 and ;) = (27d/Ly)sin 6,
in which d is the element spacing and L, is the signal wavelength. Assume that there
are M sources (including both desired and interfering sources) coming from M different
and distinguishable directions. The transmitted signal waveform of the mth source s,,(t)

(0 <m < M —1) can be written as

+oo

() = 3 Bt = K)o (k) (32)

=
where by, (k) is the kth information symbol of the'mth source, p(t) is the pulse shape of the
transmitted symbol, and T is the symbol duration. Let L,, be the number of propagation
paths for the mth source, 6,, be the DOA for the mth source, 7,,, be the delay time for
the Ith path (0 <[ < L,, — 1) of the mth source, and h,,; be the channel coefficient for
the [th path of the mth source, respectively. Assume that the channel parameters for
different sources are independent and remain constant over the observation period. The

received signal vector in (3.1) can then be expressed as

M—-1Lpy—1

x(t) = Z Z P S (t — Tt )a(6,) + (%) (3.3)

m=0 [=0
where n(t) is an NV x 1 additive white Gaussian noise (AWGN) vector. Each component
in the AWGN vector is assumed to be spatially white with a variance of o2. Substituting

(3.2) into (3.3), we have

M-1 +oo

x(t) =Y Y hy(t — kT)bn(k) +n(?) (3.4)

m=0 k=—o00
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where h,,(t) is an N x 1 vector summarizing the total transmission effect of the mth
source to the information symbol, and it is given by

Lpm—1

Z Puip(t = Tont) (0. (3.5)

Without loss of generality, we assume that the first My sources (M, < M) are related to
the desired user, i.e., bo(k) = by(k) = --- = by, _1(k). The DOA 6, is the DOA of the
desired signal with the strongest signal strength, and 6; to 6y, correspond to the DOAs
of the desired signal’s ISI. Here, we call the ISI comes from 6, in different time instants
as temporal ISI and the ISI comes from 6; to 64, in different time instants as temporal
and spatial ISI. The received equivalent baseband signal is sampled at the symbol rate,
i.e., t = kT. We assume that the sampling clock is synchronized with the transmission
clock. After sampling, the channel effect for all sources is of a finite duration within
[0, (D, — 1)T], where D,, is the chanuél order.of the mth source. Here, we define d(k) as
an N x 1 vector representing the components.from the main source of the desired signal
(m =0) and i(k) as an N x 1 yector summing up the components from the temporal and
spatial ISI sources (m = 1,2, - <, My =-1);rand thej; are given by

Do—1

Zho Yoo (k — d) (3.6)

and
Mo—1 Dpy—1

=> Z h,,, (d)bo(k — d) (3.7)
m=1
respectively. Also define an N x1 vector z(k) representing the uncorrelated CCI-plus-noise

components as
M-1 Dp—1

=y Z h,,, ()b (k — d) + (k). (3.8)

mMO d=0

Then, the expression in (3.4) can be rewritten as
x(k) = d(k) +1i(k) + z(k). (3.9)

The main task of the STE is to suppress CCI and ISI, and recover the transmitted
information symbols. To simplify the notations, we write b(k) instead of by(k) for the

desired user’s information symbols in the following derivations.
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3.3 Hybrid of GSC and LBDFE

In some wireless communication systems, such as SDMA applications, the main DOA
(and hence the spatial signature) of the desired signal is known as a priori or can be
estimated. A straightforward approach as mentioned above for CCI and ISI mitigation
is the hybrid of a conventional GSC and an LBDFE. Using the spatial signature, the
conventional GSC is to suppress CCI and the LBDFE is to compensate ISI. No extra
training sequences are required for both processing. The operation and the weakness of

this approach will be elaborated below.

3.3.1 GSC

The conventional GSC for CCI suppression is optimized with the LCMV criterion. The

LCMV beamformer determines the N-tap weight vector w through

min  wIR,w,subject to Cw =f (3.10)

w

where Ry = E{x(k)x(k)} is-the input correlation matrix, C is an N x U constraint
matrix, and f is a U x 1 response vector, with U _being the number of constraints. The
structure of GSC is shown in the left part.of Fig. 3.1. Then we have an equivalent spatial
filter as w = w, — Bw,. Ideally, the span of B is in the null space of C¥. Using the
constraint in (3.10), w, can be readily found as w, = C(C”C)~'f, and w, is optimized

according to the output power of the GSC as
J = E{lys(k)]*} = E{|(wq — Bwa)"x(k)|*}. (3.11)
The constrained optimization problem in (3.10) can then be changed to

min J = min (wy, — Bw,)"Ry(w, — Bw,). (3.12)

Wa Wa

The optimum w, is classically solved to be
Waopt = (BYR,B) 'BYR,w,,. (3.13)

With the optimum weight vector, the minimum value of J in (3.11), denoted as Jnn

(which is also the minimum output power, denoted as P, iin, of the conventional GSC),
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can be calculated as

Jmin = Po,min
= wi RyxWop (3.14)
= w!/ RyWop (3.15)

where we let Wopy = Wq — Bw, ope. As stated in Chapter 2, we can use the LMS algorithm
to approach the optimum weights iteratively. The LMS update equation for w, can be
written as

Wa(k +1) = wa(k) + pav(k)es (k) (3.16)

where w, (k) is the estimate of w, o at the kth iteration, v(k) = B¥x(k) is the filter
input vector, p, is the step size controlling the convergence rate, and egs(k) is an error
signal as es(k) = ys(k). When w, is optimized, the error signal es(k) will chiefly include
the component from the desired signai, i.e., the.desired user’s transmitted symbols b(k).
When the LMS algorithm is applied to ;estimate Wa,opt, the performance will be affected
due to the large error signal uséd. The othér probiem with the conventional GSC is its
sensitivity to constraint mismatch. “-Whenever the éetting of the constraint matrix C in
(3.10) (or the blocking matrix B in (3:12))sis not fit for the actual spatial signature of the
desired signal, constraint mismatch occurs. Constraint mismatch can easily arise due to
multipath channels and spatial signature errors. This seriously degrades the performance

of the conventional adaptive GSC.

3.3.2 LBDFE

The output of the GSC is fed into the LBDFE for equalization. The equalizer adapta-
tion process is divided into two periods. In the start-up period, the received signal is
prewhitened by an TIR filter and then equalized by a blind FIR linear equalizer. The
structure of the LBDFE in the start-up period is shown in the right part of Fig. 3.1. In
[55], the constant modulus algorithm (CMA) was used as the blind algorithm for equal-
ization. Recently, a sophisticated blind equalization algorithm called the multimodulus
algorithm (MMA) was proposed [56]. Analysis shows that the MMA can provide much

stable performance especially with high-order constellation modulation [57]. The cost
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function can yield an equalized constellation rotated with a multiple of 90°, eliminating
the need for additional constellation phase recovery as that in the CMA. The remaining
phase ambiguity problem is classically solved by differential encoding. For these reasons,
we use the MMA as our blind equalization algorithm (instead of the CMA) throughout
this chapter. For the LBDFE, we denote the length of wy and wy, as a and f3, respectively.
In the start-up period, let y(k) be the output of the GSC and y,(k) be the difference
between (k) and the prewhitening filter output. Also let y' (k) be the input vector of wy,
and y' (k) = [y,(k — 1) ys(k = 2) -~ y(k = B)]". So, we have y (k) = ys(k) — wy' (k).
The filter wy, is optimized according to the criterion: miny, E{|y.(k)|?}. As shown in
Fig. 3.1, y.(k) serves as the input of the blind FIR filter w; as well. We define another
vector as y (k) = [y, (k) yi(k —1) --- y.(k—a+1)]T, and, as a consequence, the output
of the LBDFE in the start-up period is 3 (k) = w{’y (k). The cost function with the

MMA for the optimization of w¢ is written: as
Tnia = E{e(B)} £B{0x, (F)—~ R*)* + (y2:(k) — R*)*} (3.17)

with

B0 (k)
S EEEIT W) (3.18)

Let p¢ be the step size controlling the convergence of w¢. From [56], the stochastic gradient

algorithm (SGA) for the MMA of wy can be written as

"

wilk + 1) = wy(k) + (i (k))y" (k) (3.19)

with

S(ye(k)) = o, (k) + iyls (k) — R2ye(k). (3.20)
The start-up period is expected to sufficiently open the eye pattern such that the error rate
is low enough to initiate the second (tracking) period. In the tracking period, the cascading
order of the IIR prewhitening filter and the FIR linear equalizer is swapped and this turns
the whole system into a conventional DFE structure. A decision-directed MMSE tracking
operation, similar to that of the conventional DFE;, is then activated. This approach may
avoid the possible error propagation phenomenon initially and give a smooth transition

strategy between the blind and decision-directed equalization. Nevertheless, the stability
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of the adaptive IIR filter makes the performance sensitive to the parameters chosen.
Also, error propagation may occur during the decision-directed mode. The behavior of
the LBDFE becomes not easy to control. We will show empirically in Section 3.6 that
the performance of the hybrid of the conventional GSC and the LBDFE is often far from

satisfactory in severe channel environments.

3.4 Proposed Hybrid STE

In this section, we propose a new adaptive STE being a hybrid of a DFGSC and a
channel-aided blind DFE (CBDFE). Fig. 3.2 is the block diagram of the proposed STE.
Note that in Fig. 3.2 a channel estimator is included. Let the coefficients of the channel
estimator be denoted as wy,. It is used to model the equivalent temporal channel for the
desired signal and its operation will be explained soon. In [15], a channel estimator was
also used in a training-based STE_siich  that the corresponding beamformer can achieve
better performance. In the STE:scheme proposedhere, the role of the channel estimator
is much more involved. For spatial processing, Wi’qh the help of the channel estimator,
we can formulate the adaptive. DFGSC achieving better CCI suppression performance.
Besides, the DFGSC can have extra robustness against constraint mismatch. For temporal
processing, with the help of the channel estimator, we can formulate the CBDFE such
that it is more stable in IST compensation. This CBDFE is different from those channel-
estimation-based DFEs proposed in [58] and [59], where both the feedforward and feedback
filters are calculated based on the estimated channel response. In the CBDFE, however,
the adaptive structure is remained. The operation of the DFGSC and the CBDFE is

presented separately as follows.

3.4.1 DFGSC

Let the channel estimator wj, have a dimension of v x 1. Here, the value of 7 is chosen to
be equal to or larger than the maximum value of channel order D, (0 < m < My—1). We

first define b(k) as the input vector of wy, i.e., b(k) = [b(k) b(k—1) --- b(k—v+1)]". To

optimize the interference cancelling filter w, and the channel estimator wy, we propose a
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new cost function as

T =E{es(k)|*}

= E{Jys (k) — wi'b(k) [}

— Bl — ' i [P0 (:21)

To understand the operation mechanisms, we first consider a simplified scenario that only
temporal ISI is present. In other words, the desired signal and its ISI only come from the
main DOA, i.e., My =1 (so i(k) in (3.7) is a zero vector). We assume that the spatial
signature for the desired signal is exactly known and a distortionless constraint is set
towards it. In this case, the desired signal will be completely blocked in the lower path of
the DFGSC. The general case that temporal and spatial IST exists and the distortionless
constraint may be set improperly will be discussed in the next section. Assuming that the
decision is correct, i.e., b(k) = b(k),siwe can féwrite the minimization of the cost function
in (3.21) as

min J = min wfowq — wf‘ [RXB Rp} We —

Wa, Wh We

is
—w! [BRBX] wq +wlRcw, (3.22)
P

where we let

we = m (3.23)

R, = F{ {BB(’;()'“)} XA (K)B BH(k)]} = [BHO%‘B a,fOIJ (3.24)
and
R, = E{x(k)b" (k)} = 67[ho(0) hy(1) -+ hy(y — 1)] (3.25)

in which O denotes a zero matrix with dimension (N — 1) x 7, I, denotes an identity
matrix with dimension v X v, and o7 denotes the power of transmitted symbols. We can
set w, the same as that in the conventional GSC. Following the same procedure described

in Chapter 2, we can obtain the optimum w, as

_, [BAR,
Weun =R [P wa (320
P
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With the special structure of R, we can decompose w o, back into the two weights

Waopt = (BYR,B) 'BR,w, (3.27)
R, "

Whopt = —5 Wq = [ho(0) ho(1) -+ ho(y — 1)]"wq. (3.28)
g

b

From (3.27), we observe that the expression of w, ., is the same as that of the conventional
GSC given in (3.13). Since wq and W, oyt remain the same, the minimum output power
Py min for the DFGSC is also the same. From (3.28), we observe that wy o, corresponds
to the equivalent channel effect from the transmitter to the DFGSC output. With w, op4

and wy, op¢ given above, the minimum J in (3.21) for the DFGSC becomes
Tuin = E{|wipx (k) — wilo, b(k)[*}
= wl'Rwop — 07 [Wl [ho(0) ho(1) -+ ho(y — 1)]%. (3.29)
We let Rq = E{d(k)d” (k)} be the input correlation matrix of the desired signal excluding
temporal and spatial ISI, and R, =2E{z(k)z"(k)} be the input correlation matrix of CCI-
plus-noise. The first term in (3:29) eduals the mmimum J of the conventional GSC in

(3.15) and the second term im (3.29) is the power;of the desired signal in the DFGSC

output, which can be defined as

Pd é Wi,thwopt
= 0;|wq [ho(0) ho(1) -+ ho(y = 1)]|. (3.30)

S0, Jiin in (3.29) can be written as

Jmin = wfowOpt — Pa

= W/ R, Wop. (3.31)

Comparing (3.15) and (3.31), we can see that the desired signal is totally excluded from

the above expression with w, oo+ and wy opt. When an adaptive algorithm such as the

LMS is used to estimate w, 4, the performance of the GSC can be greatly improved

by the decision feedback operation. The LMS update equations for the DFGSC can be
written as

wa(k + 1) = wu(k) + pav(k)el (k) (3.32)

wi(k + 1) = wi (k) + b (k)es (k) (3.33)
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where i, is the step size for w,, uy, is the step size for wy,, v(k) is the output from the
blocking matrix, and eg(k) = ys(k) — wi (k)b(k). Again, unlike the conventional GSC,
the steady-state eg(k) will exclude the desired signal and hence can be quite small.

To analyze the steady-state performance for both the conventional adaptive GSC and
the proposed adaptive DFGSC, we denote the value of .J (both (3.11) and (3.21)) in the
steady state as J(0o0). Suppose that the decision is correct and wy, is fixed at optimum.
Then

J(00) = Jiin + Jex(00) (3.34)

with
N-1

/La)\l(BHRXB)
£~ 2 — 1,0 (B RyB)

Jex(00) = Jmin (3.35)

where \/(B”R,B) represents the [th eigenvalue of BYR,B. If p, is small, (3.35) can be

approximated as

N—1
aJmin
Joc(oo) = & S ST A(BTR,B). (3.36)
=1

Thus, Jex(00) is proportional t6 Ji, and the step size 11,. With reference to Chapter 2, the
optimum and steady-state output SINR+«(withrthe LMS algorithm) can then be calculated

as
Py
INRgpy = ——2+— .
SINR Pt Po,min - Pd (3 37)
and
P
SINRyms = d (3.38)

Py min + Jex(00) — Py
respectively. With enough DOFs, CCI is mostly suppressed. For the same reason given
in Chapter 2, from (3.15), (3.31), (3.36) and (3.38), we can see that with the same step
size, the steady-state output SINR of the adaptive DFGSC will be higher than that of the
conventional adaptive GSC. Also note that the step size bound for the LMS algorithm is
determined by the eigenvalue spread of the input correlation matrix. The input vectors
for the conventional GSC and the DFGSC are the same and so step size bounds for both

schemes are the same.
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3.4.2 CBDFE

The MMA is conventionally applied to the blind FIR linear equalizer only. Since the
DFE is a nonlinear and TIR equalizer, direct application of the MMA may result in
severe error propagation in the start-up period. It may make the performance of the
blind DFE even worse than that of its FIR linear companion. Here, we make use of the
channel estimator wy, derived previously and propose a new structure, i.e., the CBDFE,
to overcome this problem. In FIR linear equalization, the performance of the MMA
can be demonstrated to approach that of the training-based MMSE method [57]. Thus,
we assume that the weights solved by the MMA is close to those solved by the MMSE
criterion. Our approach uses a basic principle of the DFE;, i.e., the postcursor response of
the channel convolved with the feedforward filter is cancelled by the feedback filter. Let wy
and wy, be the feedforward and feedback filter weight vectors of a conventional DFE, with
length v and 3, respectively. Similar'to the previous section, ys(k) denotes the output of
the DFGSC. For notation simplicity, the input of'w; and wy, is again written as y (k) =
[ys (k) ys(k=1) - ys(k—a+ D] and bRy = [b(k=r—1) b(k—r—2) --- b(k—r—p)]",
where x is the decision delay. Note thatthe convolution of the equivalent channel response
and the feedforward filter results“in a response of length a + v — 1. Thus, for perfect
postcursor cancellation, we must have § > a + v — 2 — k. Without loss of generality, we
let 3 = a+v—2— k. We now prove the postcursor cancellation property mentioned

above. Assuming that the decision is correct, we have the error signal as
e (k) = b(k — k) — y(k)

=0(k — k) — (w{'y(k) — wi/b(k)) (3.39)

where (k) is the equalizer output. Straightforward manipulations give the equalizer

output MSE as
E{|6t(k)|2} = W{IRyny - WFRbeb - W{Ipyb - Wll)ngbe
+ Wl RbbWp, + W Dby — pﬁ,wf + piywh, + 0} (3.40)

with Ryy = E{y(k)y" (k)}, Rep = E{b(k)b" (k)}, Ryn = E{y(k)b" ()}, pys = E{y (k)" (k—
k)} and ppy = E{b(k)b*(k — k)}. To obtain the optimum weights with the MMSE cri-
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terion, we set the gradient of E{|e;(k)|?} with respect to the vectors wi and w; to zero.

This results in

1

Weopt = (Ryy — ?Rbef,Ib)_lpyb (3.41)
b
1
Wh,opt = _QR;Ibe,opt- (3.42)
gy
Let Whopt = [wo wi - -+ ww,l]T and represent the convolution of wy o and Wy as

Hwy i, where H is an (o + v — 1) X a matrix as

w1 Wy 0 0

(.()7,1(,()772 Wo 0 0
0 WyqWyg =+ wg 0 = 0

H=1": - (3.43)

0 o 0@y Wy—y -+ wy O
0 . ein DRI 0 w’y—l w’y—Q DR wo
0 } A . N () Wey—1 Wey—d

| 0 0 Wy—1]

We can further partition H as H=[H] HI]" where H, is of dimension (k+1) X a and
H, is of dimension (o +v — 2 — k) X . It is simple to see that H,wr¢ p corresponds to

the precursor response of Hwy o, while Hywyg o, the postcursor response. With enough

DOFs, the DFGSC output can be modeled as

us (k) = wd(k) + v(k) (3.44)

q

where v(k) is a white noise independent to d(k). With (3.44) and some manipulations,
we can derive

1
—Ry, = H, (3.45)
Ty
From (3.42), we then obtain wy, opy = HpWe ope. This result can be re-stated as
Wh,opt = POSt{ Wh,opt @ Wr,opt }- (3.46)

This result suggests an adaptation approach for the training-based MMSE-DFE. Let

we(k) and wy (k) be the feedforward and feedback weight vectors at time instant k. With
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reference to (3.46), we can let
w, (k) = post{wy (k) ® we(k)} (3.47)

in which wy, (k) is the channel estimate at time instant k. If wy,(k) converges to Wy opt,
w, (k) will converge to wy, ot too. The difference between this approach and the conven-
tional method lies in that only w¢(k) is adapted (not both we(k) and wy(k)). Con-
sider a blind DFE scenario that both w¢(k) and wy(k) are adapted. With y (k) =
wi (k)y (k) — wl (k)b(k), the update equations for the MMA can be written as

wi(k +1) = we(k) + ped(ye(k))y (k) (3.48)

wi (k + 1) = wi, (k) — b (yi(k)) b (k) (3.49)

where ¢(y(k)) is the same as that given in (3.20). From (3.48) and (3.49), we see that if
there is a decision error, the error willimmediately reflect to b(k) and then ¢(1(k)). Note

that the adaptation of wy(k) inyolves exrroneous ¢(y;(k)) only while that of wy, (k) involves

|
~

both erroneous b(k) and erroneous ¢(y;(k)). The fwo error sources in (3.49) will make
wy, (k) quite sensitive to decision‘errors. On-the other hand, in the proposed method, only
we(k) is adapted as given in (3.48). Although the effect of decision error will also pass to
es(k) which will perturb the adaptatioﬁ of w,(k) and wy,(k), the influence is smaller. This
is because the convergence of w,(k) and wy (k) in the DFGSC is much faster and more
stable than that of the blind DFE. By using (3.47) to calculate wy,(k), the feedback filter
of the blind DFE will perform much better. In one word, with the proposed operation,
the resultant CBDFE will be less sensitive to decision errors.

In the start-up period, decisions may not be trustworthy. Including decisions in the
operation of the CBDFE may affect its stability. Unlike the LBDFE’s mode switching, we
propose a simple mechanism allowing a smooth transition from FIR linear equalization
to DFE. We let the feedback filter be multiplied by a time-varying factor f(k) where
f(k) < 1. Initially, k£ is small and we set f(k) small such that the weighting of the
feedback filter is small. In this stage, the proposed equalizer will behave much like an
FIR linear equalizer. As k increases and decisions become more reliable, we increase f(k).

Eventually, f(k) approaches one and the equalizer becomes a full DFE. As known in [45],
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the convergence of an adaptive algorithm exhibits an exponentially decay behavior. Thus,

a natural choice for f(k) will be
fB)=1—¢% (3.50)

where & is a design parameter controlling the increase rate of this factor. With the
proposed mechanism, the feedback filter is gradually taken into account and the error
propagation effect will be reduced. The CBDFE will approach the optimum MMSE-DFE

ultimately.

3.5 Spatial Multipath and Spatial Signature Mismatch

In this section, we will show that the proposed STE is robust to two unfavorable phenom-
ena, spatial multipath propagation and spatial signature mismatch, which are frequently
encountered in array signal processing.,dset us consider the spatial multipath propaga-
tion first. Multipath propagation:may cause:ISI'coming from different directions, which
induces both coherent interference'[60] andsangular spread [61]. In this case, the con-
ventional GSC with the simplepoint' distortionless:constraint tends to cancel the desired
signal itself and so signal cancellation occurs. Insthe proposed STE, even with this tem-
poral and spatial ISI, the phenomenon of signal cancellation will not exist. This is due to
the decision feedback structure. In the spatial multipath environment, the desired signal
will leak to the output of the blocking matrix, producing a correlation between the upper
and lower paths in the DFGSC. By extending the weight calculation for the mismatch

scenario in Chapter 2, we have

_ Wa,opt _ —1 BHRx
We opt = |:Wh,opt:| =R, [ RY :|Wq (3.51)
where
Mo—1 Mp—1 Mo—1
R, = E{x(k)b" (k)} = 0;[ )  hy(0) h, (1) - hy, (v — 1)] (3.52)
m=0 m=0 m=0
R _ BAR,B M (3.53)
c M7 521, '
Wlth Mo—1 Mo—1 Mo—1
M =B ) h,(0) Y hy(1) - h,, (v —1)] (3.54)
m=0 m=0 m=0



which is the correlation matrix between the blocking matrix output B#x(k) and the
decision vector B(Iﬁ) Once more, we can find the inverse of R. and so W opt in (3.51),
ie.,

(B"R,B)"'BR,
Weopt = Mg—1 Mo—1 " H —1pH Wq
> omso b (0) - 200 hin(y — 1)) (I-B(BYR,B) 'BR,)

(3.55)
and thus the coupled w, o and wy, pe can be written as
Waopt = (BPR,B) 'BR,w, (3.56)
Mo—1 Mo—1
Wiopt = [ ) ha(0) -+ D hu(y = 1] (Wy — BWaopt)- (3.57)
m=0 m=0
The minimum J of the DFGSC as that given in (3.31) can then be solved to be
Jmin = WI R, Wop. (3.58)

From (3.56) to (3.58), we see thdt while Wagp, and wy o, are changed, Jnm, (and so
the error signal) still containsno desired- signal. ‘The leaky desired signal in the lower
path of the DFGSC becomes invisible when optimiiing w,. This indicates that no signal
cancellation occurs. :

We then consider the spatial signature mismatch problem. If the information of the
desired signal’s main DOA has error, w, does not match to the desired signal’s spatial
signature any more, and B cannot obstruct the desired signal. In this case, signal cancel-
lation may occur as well. In the case of spatial multipath propagation, we have already
proven that for the DFGSC even if there is leaky desired signal in the output of the
blocking matrix, w, will not cancel the desired signal. Spatial signature mismatch can
be considered as a similar signal leaking problem as that in the spatial multipath prop-
agation. Thus, no signal cancellation will occur in the DFGSC. The derivation details,
however, are omitted.

For these scenarios, the expression of the optimum output SINR is the same as that

given in (3.37), but now Py and P, n are changed. The output desired signal power

becomes
Mo—1 Mo—1 Mo—1
Py =0}|(Wq = BWaopt) [ D hu(0) D hy(1) <o > hy(y — 1)) (3.59)
m=0 m=0 m=0
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which is different from (3.30). The calculation of P, i, should use (3.14) instead of
(3.15). Moreover, due to the existence of the desired signal in the input of the interference
cancelling filter, the excess MSE yielded by the LMS algorithm will be different too. Let
J4 (oc) denote the excess MSE value for the desired signal in these leaky scenarios. Using
(3.35), we can obtain

. ,U/a)\l (BHRdB)
19~ Jah (BERgB)

J4(00) = Jo (3.60)

The result in (3.60) is due to the fact that only one eigenvalue of B¥R4B is nonzero.
The expression of the steady-state output SINR for the GSC structure with temporal and

spatial ISI or spatial signature mismatch is then slightly modified to

Pd + Jg((oo)
P min + Jex(00) — (Pg + J& (00))

in which P4 and P, ,,;, should also be changed to use (3.59) and (3.14), respectively.

SINRpas = (3.61)

3.6 Simulations

Computer simulations are conducted to demonstrate the effectiveness of the proposed
STE (called DFGSC-CBDFE in this section-for/elarity) and verify our analytic results.
For comparison, we also consider the hybrid of the conventional GSC and the LBDFE
(called GSC-LBDFE hereafter), and the hybrid of the DFGSC and the LBDFE (called
DFGSC-LBDFE hereafter). Note that the later scheme is used for the comparison of
the CBDFE and the LBDFE. In all cases, we assume a ULA with five omnidirectional
antennas spaced half a wavelength apart. The main DOA of the desired signal is known
as a priori. Only the point distortionless constraint to the main DOA is used for the GSC
in all three schemes. The received desired signal is corrupted by CCI, ISI and AWGN.
In the first part, we only consider channels with temporal ISI. In the second part, we
consider more realistic channels where temporal and spatial ISI is present. In all figures,

at least 500 simulation runs are averaged to obtain each simulated result.

3.6.1 Channels with Temporal ISI Only

In this set of simulations, we consider channels with temporal ISI only. We compare

the performance of DFGSC-CBDFE with GSC-LBDFE and DFGSC-LBDFE. The trans-
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mitted symbols are randomly generated and then modulated by QPSK. The co-channel
interference-to-noise ratio (CCINR) is set as 25 dB and the SNR as 15 dB. The channel
for the desired signal coming from 0° is [0.407 0.815 0.407] [8, pp. 616] and the channel
for CCI coming from —60° is [1 0 0]. Parameters used for the adaptive GSC, DFGSC,
LBDFE and CBDFE are listed in Table 3.1. The decision-directed MMSE training starts
after 500 iterations. As mentioned, the factor f(k) for the CBDFE is used to reduce error
propagation. In this case, £ is chosen to be 0.01 and f(k) approaches unity around 500
iterations. Fig. 3.3 shows the GSC output SINR for DFGSC-CBDFE, GSC-LBDFE and
DFGSC-LBDFE. Also shown are the optimum SINR calculated with the Wiener solution,
and the steady-state SINR obtained with the LMS algorithm. From Fig. 3.3, we see that
all schemes are comparable in convergence rate, but the SINR achieved by those schemes
with the adaptive DFGSC is higher than that with the conventional adaptive GSC. As
expected, the adaptive DFGSC can appreach the optimum solution much more closely,
which means that the effect of thé excessMSE induced by the LMS is smaller. In terms of
GSC output SINR and convergenee rate;, DEGSC-CBDFE provides the best performance.
Fig. 3.4 reveals the beam patterns (enlargin‘g the region around the CCI’s DOA) of those
schemes used in Fig. 3.3 after 5000 iterations. The improvement of the decision feedback
operation can be seen clearly as well.” Fig. 3.5 shows the equalizer output MSE for all
three schemes. From the figure, we see that both schemes with the adaptive DFGSC work
well in suppressing ISI. However, DFGSC-CBDFE performs better than DFGSC-LBDFE.
This means that the CBDFE is more stable in IST suppression.

We then show the robustness of the DFGSC against the spatial signature mismatch,
we repeat the same experiment for the scenario with a 5° difference between the actual
and presumed main DOA of the desired signal. We plot the resultant GSC output SINR,
beam patterns, and equalizer output MSE in Fig. 3.6, Fig. 3.7, and Fig. 3.8, respectively.
We see that the spatial processing of DFGSC-CBDFE keeps good performance while
that of GSC-LBDFE fails completely due to signal cancellation. Also note that DFGSC-
CBDFE outperforms DFGSC-LBDFE and this indicates that the CBDFE is better than
the LBDFE as well.
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3.6.2 Channels with Temporal and Spatial ISI

In this part, we consider a more general case that ISI comes from different directions
and time instants. Again, the CCINR is fixed at 25 dB and the SNR is also 25 dB.
The filter length for the blind DFE is the same as given previously. The step sizes and
channel settings used are shown in Table 3.2. From the table, we see that ISI comes
from different directions and the effect of both coherent interference and angular spread
is included. The parameter ¢ is selected as 0.005 and then f(k) is close to unity around
1000 iterations. Fig. 3.9 shows the equalizer output MSE with 16 quadrature amplitude
modulation (16-QAM) for the three schemes. To observe the convergence behavior of
these schemes, we exclude the decision-directed mode and use the MMA blind algorithm
all the way first. We see that DFGSC-CBDFE outperforms the other two schemes in
terms of both convergence rate and equalizer output MSE. The channel estimator in the
proposed scheme really helps to censtruet a more stable and efficient blind DFE. Note
that GSC-LBDFE completely fails again due to signal cancellation.

Finally, we repeat the samé experiment with the decision-directed MMSE training in
the tracking period (after 1000 iterations): However, some artificial errors are added in the
decision process. When an error occurs, we randomly shift the decision to a constellation
point near its true value. Ten consecutive errors are added from the 3000th iteration. The
result is presented in Fig. 3.10. Again, it shows that DFGSC-CBDFE performs better
than DFGSC-LBDFE. The proposed DFGSC-CBDFE can re-converge after the bursty
errors but DFGSC-LBDFE diverges. This clearly shows that the CBDFE is less sensitive
to decision errors and so makes the whole processing scheme more reliable. We then

conclude that DFGSC-CBDFE is the best hybrid scheme for the scenario we consider.

3.7 Summary

In this chapter, a new adaptive STE has been developed for the suppression of both CCI
and ISI. The proposed STE introduces a hybrid of an adaptive DFGSC and an adaptive
CBDFE. With the main DOA known as a priori, training sequences are not required for

the adaptation of the whole STE. We show that the included channel estimator can not
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only improve the performance of the conventional adaptive GSC but also make the blind
DFE more reliable. For spatial processing, the DFGSC improves the CCI suppression
capability when implemented with the LMS algorithm. Also, the adaptive DFGSC with
the simple point distortionless constraint is robust against multipath propagation environ-
ments and spatial signature errors. For temporal processing, the proposed CBDFE can
have better performance than the LBDFE. With our special adaptation, the problem of
error propagation is reduced. Simulation results verified our analysis and confirmed that

the proposed STE can achieve good performance even in severe channel environments.
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x(k)

GSC

DFGSC CBDFE
+ (k) f * (k)
() %, L
« )
v(k) Ty L A=
w, W \_,’—w;<
, e (B

W,
(post{w, @ W} )
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Table 3.1: Parameters used for simulations in Section 3.6.1: (a) Filter length, and (b)
Step sizes

Wy Wr W, Wy

All schemes 4 7 7 3

(a)

W, We Wi W
DFGSC-CBDFE (start-up and tracking) 5x 107 1x 1072 / 2x 1073
GSC-LBDFE (start-up) 5x 107 1x107* 2x107* /
GSC-LBDFE (tracking) 5107 1x102 1x102 /
DFGSC-LBDFE (start-up) 5x 107 1x10% 2x10% 2x10°3
DFGSC-LBDFE (tracking) 5x107% 1x1072 1x1072 2x 1073

(b)

Table 3.2: Parameters used for simulations-in Section 3.6.2: (a) Step sizes, and (b)
Channel settings

W, Wg W Wh
DFGSC-CBDFE (start-up) 5x 107% 2x107° / 1x1073
DFGSC-CBDFE (tracking) 5x107* 3x 1073 / 1x10*

GSC-LBDFE (start-up) 5x107% 1x107% 2x107° /
GSC-LBDFE (tracking) 5x 107 3x107% 3x1073 /
DFGSC-LBDFE (start-up) 5x 104 1x10° 2x10° 1x10°3
DFGSC-LBDFE (tracking) 5x 104 3x103 3x10% 1x10°?

(a)

DOA Channel
Desired signal 0° [0.1 1.0 0.2]
Temporal and spatial ISI  2° [0.1 0.5 0.1]
300 [0.0 0.2 0.7]
]
]

50° [0.2 0.6 0.0
CCI —60° [1.0 0.0 0.0
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Chapter 4

Adaptive Channel-Aided Decision
Feedback Equalization for SISO and
MIMO Systems

4.1 Introduction

DFE is a well-known channel equalizer in single-input single-output (SISO) systems [62]-
[64]. It has been widely used in digital‘¢communications to suppress ISI for over several
decades. When the channel spectrum exhibits spectral nulls due to multipath propagation,
the DFE performs significantly betterthan the linear equalizer. Though the MLSE [8] can
have better performance than the DFE; the ‘computational complexity is much higher.
A DFE incorporates a feedforward filter operating on the received signal to suppress
precursor ISI, and a feedback filter operating on previously detected symbols to suppress
postcursor ISI. A DFE uses a nonlinear decision device at the output, and the output
represents a noise-free replica of the transmitted symbol assuming that the probability
of decision error is small. However, if a symbol is detected incorrectly, the next input to
the feedback filter will be in error. As this error advances through the feedback loop, the
probability of making an error in the detection of subsequent symbols will be increased.
It can result in error propagation that causes bursts of incorrect decisions and a corre-
sponding increase in the decision-error rate [65]. A number of schemes were proposed
to reduce error propagation for DFE. A technique combining DFE with partial response
precoding and detection was presented in [66]. In [67]-[69], soft decisions and specifically

designed constraints were suggested to prevent questionable decisions from being used in
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the feedback loop and thereby the probability of error burst was reduced. Besides, a peri-
odic transmission of a short resetting sequence calculated based on a certain steady-state
error probability was used to control the error behavior of DFE [70].

Recently, much attention is paid in the development of MIMO systems. For high
data-rate transmission, frequency selective fading is present between pairs of transmit
and receive antennas. This brings a great design challenge at MIMO receivers. One
solution for this problem is to use a MIMO DFE, where both the feedforward filter and
the feedback filter are extended to have multiple inputs and multiple outputs, i.e., multi-
dimensional feedforward filter and multi-dimensional feedback filter performing multi-
dimensional channel equalization [71]-[73]. For the MIMO DFE, the problem of error
propagation is even more severe than that of its SISO companion due to the complicated
channel configuration and the need to detect signal buried in ISI as well as CCI, in addition
to noise.

Since the communication environment-may be‘time—varying, tap weights in the DFE
should be updated dynamically-for bettér‘ performance [74]. The LMS adaptive algorithm
is often utilized to adapt both the feedforvvard filter and the feedback filter in SISO DFE
systems. It can be shown that the LMS algorithmris also attractive to the adaptive MIMO
DFE for dispersive MIMO channels [75],"[76]. As described, the error propagation effect
will have a greater impact in the adaptive implementation of the DFE. A decision error
not only affects the DFE future outputs, but also disturbs the reference signal of the
adaptive algorithm. As a result, the DFE will be adapted toward an incorrect direction.
In the worst case, error propagation can diverge the DFE adaptation.

The most popular design strategy for channel equalization by far is the use of the
MMSE criterion. Its well-accepted theoretical framework and amenability to adaptive
implementation make it very attractive for practical usage. Another strategy for equalizer
design is to use the minimum bit-error-rate/minimum symbol-error-rate (MBER/MSER)
criterion [77]. Various adaptive realizations for the MBER/MSER equalization were pro-
posed in [78]-[81]. Though better results can be obtained in terms of this criterion, there
is no guarantee that the global minimum can be reached. In addition, the convergence

rate may be slower and the computational complexity may be higher. All these may make
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the MBER/MSER equalizer less effective in time-varying channel environments. In the
following, we only consider the DFE optimized by the MMSE criterion.

In this chapter, a new LMS-based MMSE-DFE is proposed to reduce the error prop-
agation effect. Inspired by the blind DFE structure given in Chapter 3, we introduce a
particularly designed channel estimator to the conventional DFE structure. The resultant
adaptive channel-aided (ACA) DFE can perform better than the conventional adaptive
DFE and the error propagation effect can be effectively reduced, especially in time-varying
channel environments. Only the feedforward filter is adapted with the LMS algorithm,
and the feedback filter is obtained from the postcursors of the up-to-date estimated chan-
nel convolved with the feedforward filter. We will also show that our SISO ACA-DFE
can be extended to a MIMO ACA-DFE.

This chapter is organized as follows. In Section 4.2, the background materials for the
MMSE-DFE for both SISO and MIMQ. systems are described. In Section 4.3, we propose
the new ACA-DFE and explainsits operation méchanisms. This result can be extended
to use in MIMO channels resulting a MIM® ACA=DFE. Finally, simulation results and

summary are presented in Section 4.4-and 4.5, respéctively.

4.2 Background
4.2.1 Conventional DFE for SISO Systems

Let the tap weights of the feedforward filter and the feedback filter of a DFE be denoted
by the column vectors f with length o and b with length (3, respectively. The complex
dispersive channel is modeled by discrete path A! with 0 < [ < L — 1, in which L is
the channel order. We assume that the transmitted symbol a(k) is randomly generated
and the noise sample sequence n(k) is zero mean, white, and Gaussian distributed. The
received discrete-time equivalent baseband signal at the kth time instant can then be

modeled as

z(k) = i ha(k —1) +n(k) = h"a(k) + n(k) (4.1)

with h = [ A" --- BAY"Y7T and a(k) = [a(k) a(k —1) --- a(k— L+ 1)]". Let
x(k) be the input vector of the feedforward filter with length «, i.e., x(k) = [z(k) z(k —
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1) -+ x(k—a+1)]F, and a(k) be the input vector of the feedback filter with length 3,
le,ak)=la(k—r—-1) a(k—rk—2) --- a(k—k— B)]", where £ is a suitably chosen
decision delay. For the training based MMSE-DFE;, the error signal can then be written
as
e(k) = a(k — k) — (f7x(k) — bTa(k)). (4.2)
Assuming decisions are correct, i.e., a(k) = a(k), we can write the MSE as
E{le(k)]*} = f R, f — f R b — f7p,, — b"REF

+bR..b+bp., — pZf+pZb+ o2 4.3
P Pyof + Pa a

with Ryx = E{x(k)x"(k)}, Raa = E{a(k)a” (k)}, Rxa = E{x(k)a’ (k)}, Pxa = E{x(k)a*(k—
k)}, Pas = E{a(k)a*(k — k)}, and 02 = E{a(k — k)a*(k — k)}. The optimum choice for f
and b can be found to be

1
fopt = (Rxx et ;RxaRi{a)_lpxa (44)
1 ‘
bopt e ERfafopt- (4-5)

a

We see that the matrix inverse operation'is involyed in the calculation of f,,;. A simple
alternative to find the optimum tap Weights is to use the LMS algorithm. The LMS

update equations for f and b are expressed: as
f(k +1) = £(k) + px(k)e* (k) (4.6)
b(k + 1) = b(k) — ppa(k)e* (k) (4.7)

where f(k) and b(k) are the estimates of f,,; and b,y at the kth time instant, ¢ and u, are
the step sizes controlling the convergence rate, and e(k) is the error signal given in (4.2).
A typical adaptation process consists of a training mode and a decision-directed mode.
Initially, the training mode is launched and sufficient training symbols are transmitted
to let both f(k) and b(k) converge around the optimum. Then, the DFE switches to
the decision-directed mode in which DFE decisions are used as the reference signal and
the DFE is continuously adapted. However, DFE decisions may not be always reliable,
especially in time-varying channels. Decision errors not only affect the DFE future output,
but also disturb the DFE adaptation. In the worst case, the adaptive DFE can diverge,

and another training period needs to be re-initiated.
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4.2.2 Conventional DFE for MIMO Systems

The SISO DFE can be extended to a MIMO DFE for the equalization of MIMO channels.
Here, we use M x N to signify the configuration with M transmit and /N receive antennas,
and L to indicate the maximum order for the multi-dimensional channel. Generally,
M < N is assumed. A sequence of data symbols a,,(k) (1 < m < M) is transmitted
from the mth antenna. We define a,,(k) = [am(k) am(k—1) -+ an(k— L+ 1)]" as a
collection of L successive data symbols from the mth antenna. These data symbols are
randomly generated (both in time and space domain) and drawn from the same signal
constellation with a variance of o2. All M data sequences are transmitted over the MIMO
channel. The sampled channel response from the mth transmit antenna to the nth receive

antenna is given by

hom = [P P =+ B 1" (4.8)
form=1,2,---, M and n =1,2,+%+ N. Wecan assemble the vectors h,,, into a matrix
of size L x N as ‘

H,, = [hy ha, 5 by, (4.9)
for m = 1,2+, M. We alsodet n(k) = (k) na(k) --- nx(E)]T be an N-

dimensional noise vector with zero mean, white, and Gaussian distributed elements.
With the formulation, M different symbols are simultaneously transmitted through M
antennas and received by N antennas to yield the N-dimensional signal vector x(k) =
[z1(k) xa(k) -+ znx(k)]T. With this premise, the received discrete-time equivalent base-

band signal vector can be written as

x(k) =Y HJ an(k) +n(k). (4.10)

The formulation of the MIMO DFE is similar to that of the SISO DFE. Nevertheless,
M decision devices are employed for M different data sequences. For simplicity, we only
consider the most basic form of the MIMO DFE which does not include any SIC action
[71]. To be consistent with the previous derivation for the SISO DFE, we first arrange
the structure of the feedforward filter into M matrices F,,, for m = 1,2,---, M, with

dimension o X N, and the feedback filter into M matrices B,,, for m =1,2,--- , M, with
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dimension § x M. Both a and 3 are selected to be long enough to cover the ISI effect in

the multi-dimensional channel. The matrices F,,, and B,,, have the forms as

" 0 0 ... ¢0
ml m2 mN
Fo=1| + + -~ ¢ | =[fu fna -+ fun] (4.11)
a—1 pa—-1 a—1
| /m1 m2 mN
b'(r)nl bgﬁ b’?nM
B,=|: i . i | =[bu bn -+ byl (4.12)
o O =+ U

To be more compact, we stack the components in the above matrices to form the following

vectors

£

[fgl fZQ fZN]T (4-13)

b,

[bfﬂ b£2 sz]T (4-14)

for the mth feedforward filter and the mth feedback filter, respectively. Similarly, the
successive received signal of (4:10) for/the nth, antenna can be first grouped as x,(k) =
[2n(k) zp(k—1) -+ z,(k —a +1)]7, s 1,2,--+, N, and then the total received
signal vector is described as X(k) ST X2T(k) -+ xN(k)]T, which serves as the
input to the feedforward filter. The most. recent ‘ﬁ decisions from the output of the mth
decision device after delay k,, are labeled as a,,(k) = [am(k — £m — 1) am(k — £ —
2) o+ am(k — km — B)]", for m = 1,2,--- M. Here, we assume that all decision
delays k,, are known at the receiver. Then, we can write the overall decision vector as
a(k) = [aT(k) al(k) --- aZT,(k)]T, which constitutes the input to the feedback filter.
After that, we may express the estimate in the output of the MIMO DFE prior to the

mth decision device at the kth time instant as
Ym(k) = £7x(k) — b7a(k) (4.15)
and the estimation error for it as
em(k) = am(k — km) — ym(k) (4.16)

for m = 1,2,--- ;M. We see that the error signal given in (4.16) is similar to that

of the SISO case except dimension expansion. Architecture-wise, the MIMO DFE can
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be treated as a generalization of the SISO DFE, where the scalar delay line, the taps,
and the decision are replaced by the vector delay line, the matrix taps, and the decision
vector, respectively. With reference to (4.4) and (4.5), for each data sequence and the
corresponding decision device, we may have the optimum feedforward filter and feedback

filter expressed as

- 1

fm,opt - (Rii - —QRiaRg—,)_lpiam (417)
o

_ 1 _

bm,opt = ?Rgglfm,opt (418)

a
with the matrix and vector elements defined similar to those for the SISO DFE. Again, to
avoid the matrix inverse operation in the feedforward filter calculation, we may adopt the
LMS algorithm to find the optimum tap weights recursively. It is not difficult to obtain
the update equations for the MIMO DFE as

£,k £1) =1f,(k)+ pux(k)es, (k) (4.19)
by (1) = by (k) = i (k)e;, (k) (4.20)

form=1,2,---, M. Since the Teceivedrsignalis also corrupted by CCI in MIMO channel
environments, it tends to make the/error signal in the above update equations more noisy.
For similar ISI conditions, the performance of the adaptive MIMO DFE is worse than
that of the adaptive SISO DFE.

4.3 Proposed Adaptive Channel-Aided DFE
4.3.1 ACA-DFE for SISO Systems

Fig. 4.1 is the block diagram of the proposed ACA-DFE for SISO systems. To obtain the
channel response, we first introduce a channel estimator in the DFE structure. Let the
coefficients of the included channel estimator be denoted as q and its dimension is v x 1.
The value of v is chosen to be larger than or equal to that of the channel order L. For
convenience, we choose v = L. According to Fig. 4.1, the channel estimator q is tuned by

a new error signal e,(k), and the cost function for the optimization of q can be written as
min Efleq(k)’} = min  B{|2(k) — ¢"a(k)’} (4.21)
q q
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where (k) is the received signal and a(k) = [a(k) a(k —1) --- a(k —~+ 1)]7 is
the input vector to the channel estimator. Assume that decisions are correct and input
data symbols are white. We can then calculate the input correlation matrix for q as
Raa = E{a(k)a” (k)} = 021,, where I, is a y x v identity matrix, and the cross-correlation
vector for a(k) and z(k) as pa, = E{a(k)z*(k)} = o?h*. From (4.21), the optimum q

solved by the classic Wiener solution is
Qopt = Rg;;lpaz =h". (422)

We see that the optimum q equals the complex conjugate of the channel response. As
previous, we can use the LMS algorithm to approach q, recursively. The update equation
is stated as
q(k +1) = q(k) + pqa(k)ey (k) (4.23)
where q(k) is the estimate of qqp at the kth time instant and pq is the step size for
the adaptation. We observe that.the channel'eéstimation problem is essentially a system
identification problem. For uncorrelated-input dafa symbols, the eigenvalues of the input
correlation matrix are all identical, and thus the e‘igenvalue spread equals unity, which
is the minimum possible value.”.It is Well—khown that the convergence rate of the LMS
algorithm is inversely proportional to the eigenvalue spread [45]. Thus, the convergence
of q(k) is expected to be fast and stable.
Here, we make use of this channel estimator to propose the ACA-DFE. Our approach
uses the basic property of the DFE that the postcursors of the channel response convolved
with the feedforward filter is cancelled by the feedback filter. With reference to Chapter 3,

we can write the result straightforwardly as

bopt = pOSt{Qopt ® fopt}- (424)

This result suggests an adaptation approach for the training-based MMSE-DFE. Let f(k)
and b(k) be the feedforward filter and feedback filter at the kth time instant. From (4.24),
we can let

b(k) = post{q(k) ® f(k)} (4.25)
in which q(k) is the channel estimate at the kth time instant. For the conventional

adaptive DFE in the decision-directed mode, the scenario is that both f(k) and b(k) are
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adapted based on the LMS update equations as given in (4.6) and (4.7). We observe that
if there is a decision error, the error will immediately reflect to a(k) and then e(k). Note
that the adaptation of f(k) involves erroneous e(k) only while that of b(k) involves both
erroneous a(k) and erroneous e(k). For the same reason given in Chapter 3, by using
(4.25) to calculate b(k), the resultant ACA-DFE will be less sensitive to decision error

and the error propagation effect will be reduced, especially in time-varying environments.

4.3.2 ACA-DFE for MIMO Systems

In Section 4.2.2, we have already shown that for the mth decision device in MIMO DFE,
the optimum formulation is similar to that for SISO DFE except dimension expansion.
This motivates us to extend the idea of the SISO ACA-DFE to MIMO ACA-DFE. The
block diagram of the MIMO ACA-DFE is described in Fig. 4.2. First, we define the
channel estimators q,,, with dimension,y.x 1, form =1,2,--- , M and n=1,2,---, N,
to estimate h,,, given in (4.8). Following the development presented previously, we can

express this task as a system identification problem as

min B |eq i) B S B{fra (k) — o, a0 (k)°} (4.26)
qnm qnm
where x,(k) is the received signal from the nth antenna and a,,(k) = [an(k) am(k —
1) «-+ am(k —~+1)]T is the decision vector from the mth decision device as the input

to the corresponding channel estimators. Similar to (4.22), the solution is in the form as
Anm,opt = h;;m (427)

Referring to (4.23), we can then use the LMS algorithm to approach g, pt t0o. Likewise,

the mth optimum feedback filter given in (4.18) can be formulated as

ngzl pOSt{qnl,opt ® fmn,opt}
anl pOSt{an,opt ® fmn,opt}

logl]

m,opt — (4.28)

27]:]:1 pOSt{an,opt ® fmn,opt}

in which f,,,,, opt is the nth sub-vector in £, op¢, as represented in (4.13). While both qum opt

and fm’opt are estimated using the LMS algorithm, the estimation of by, ot at the kth time
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instant can then be calculated as

Zi\;l post{dn1 (k) ® frn(k)}

Zi\;l post{dna (k) ® frn(k)}

b, (k) = (4.29)

> ny Post{durr (k) ® fn (k)}
Since qu., can estimate the corresponding channel response h,,,, for the same reason
described in the SISO case, the proposed operation in (4.29) can enhance the adaptation
of the feedback filter. The resultant MIMO ACA-DFE can then improve the robustness

against error propagation for MIMO channel equalization.

4.4 Simulations

Computer simulations are conducted to demonstrate the effectiveness of the proposed
ACA-DFE and MIMO ACA-DFE. In the first part, we consider SISO channels. In the
second part, we consider MIMO channels. “All.transmitted symbols are randomly gen-
erated and then modulated by QPSK.:All decision delays are chosen to optimize the
performance. In all figures, at least 500 simulation runs are averaged to obtain each

simulated result.

4.4.1 SISO channel environments

In this set of simulations, we demonstrate that the proposed ACA-DFE can provide
more robust and stable performance than the conventional adaptive DFE against error
propagation under severe IST environments. We first consider a static channel chosen from
8, pp- 616], which is [0.227 0.460 0.688 0.460 0.227]" (Proakis C channel). The parameters
a,  and v for those filters are set to be 9, 9 and 5, respectively. For comparison, we
also show the case of ACA-DFE with perfect channel state information (CSI). The SNR
is set as 25 dB. Here, pr = p, = 0.005, p1q = 0.002, and the number of training symbols
T; = 2000. The decision-directed mode follows immediately after the training mode.
Fig. 4.3 gives the learning curves for various equalization schemes. We see that there
is no big difference in performance between the proposed ACA-DFE with and without
perfect CSI. It implies that the channel estimator works fairly well. The ACA-DFE

performs better than the conventional adaptive DFE in the decision-directed mode under
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this severe ISI scenario. To demonstrate the merits of the proposed ACA-DFE further,
we give the relation between the average SER and the step size used in the feedforward
filter (the same step size is used in the feedback filter of the conventional adaptive DFE as
well) in Fig. 4.4. This figure reveals that the ACA-DFE always has lower SER than the
conventional adaptive DFE with the same step size. There are a couple of things that we
can observe from the figure. First, there is an optimum step size for a DFE. As known, for
the LMS algorithm, the smaller the step size, the smaller the output MSE in the steady
state (possibly the lower the average SER). However, a smaller step size will also make
the convergence slower. As a result, there exists an optimum step size balancing these
two effects. The optimum ps giving the lowest SER is around 0.005 for both schemes,
and the SER improvement with the ACA-DFE is almost an order of magnitude. Second,
the ACA-DFE outperforms the conventional adaptive DFE for any step size. Last, given
a target SER, the applicable step-size mange of the ACA-DFE is wider than that of the
conventional adaptive DFE. Westhen censider a time-varying channel constructed from
Proakis C channel used previously: The; first; second, forth and fifth paths in the channel
now undergo fading according to Jakes’ model [82], and are upper bounded by their
corresponding path magnitudes. The normalized*Doppler frequency f47y equals 5 x 1074,
in which fy is the Doppler frequency and T is the symbol duration. For example, it is
to say that the data rate used is about 4.6 x 10° symbols/s. The vehicle speed is set as
100 km/h and the carrier frequency is 2.4 GHz. This time-varying channel is normalized
to keep the SNR at a constant level. Fig. 4.5 shows the average SER versus the step size
used in the DFE. We observe that the SER improvement for this time-varying case is
quite significant, and is more than an order of magnitude most of the time. In practice,
it is difficult to know the exact channel variation pattern and the optimum step size.
For the ACA-DFE, since the applicable step-size range is wider and the resultant SER is
always lower, making the choice of the step size becomes much easier. This enables the

ACA-DFE to work adequately in general time-varying environments.

72



4.4.2 MIMO channel environments

In this part, we consider the MIMO ACA-DFE for dispersive MIMO channels. First, we
use the static 2 x 2 MIMO channel given in [71]: hy; = [0.781 0.625]", hy, = [0.781 —
0.625]7, hy; = [0.895 — 0.447]7, and hy, = [0.958 0.287]T. The parameters used are
T: = 200, SNR = 20 dB, p¢ = p, = 0.005, and jiq = 0.002. The learning curves for the
MIMO ACA-DFE and the conventional adaptive MIMO DFE are shown in Fig. 4.6. We
see that the MIMO ACA-DFE can achieve an MSE lower than that of the conventional
adaptive MIMO DFE in the decision-directed mode. Similarly, Fig. 4.7 presents the
relationship between the average SER and the step size used in the MIMO DFEs. The
MIMO ACA-DFE generally achieves lower SER than the conventional adaptive MIMO
DFE. Next, we conduct the experiment under time-varying channel environments, in
which we let the second channel tap in h,,, (n=1,2 and m=1,2) be varied with Jakes’
model and upper bounded by its corresponding,path magnitude. The normalized Doppler
frequency is now changed to 2.% 10=% It is equivalent to say that the vehicle speed is
reduced to about 40 km/h. Fig. 4.8 shows the average SER versus the step size used for
the time-varying channel. We-can see¢ that the MIMO ACA-DFE still provides better
performance. In this scenario, the optimum:step size for both DFE schemes is around
0.006, and the SER improvement with the MIMO ACA-DFE is more than an order of
magnitude. However, note that the performance obtained with the proposed method is
not as good as that in the SISO scenario. It is because the MIMO environment induces
CCI for each transmitted sequence and this lowers the input SNR. Also, the channel

becomes multi-dimensional and is more difficult to estimate.

4.5 Summary

In this chapter, we have developed the ACA-DFE for SISO systems and MIMO systems.
With the additional channel estimator(s) and the special operation for the feedback filter,
the stability and robustness against error propagation are improved. Simulation results

confirm the usefulness of these proposed schemes.
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Figure 4.1: ACA-DFE in decision-directed mode for SISO systems.
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Figure 4.2: ACA-DFE in decision-directed mode for MIMO systems.
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Chapter 5

Adaptive Two-Stage GSC-Based
PIC Detection for Time-Varying
MIMO Channels

5.1 Introduction

In MIMO systems, multiple antennas at_both transmitter and receiver are used to in-
crease the spectral efficiency. Recently, PIC detection schemes were proposed for signal
detection in this communication scenario: In [21]-[25], PIC was realized with zero-forcing
(ZF) or MMSE nulling. In noisy environments; the PIC with MMSE nulling (called the
MMSE-PIC hereafter) usually provides better performance. However, finding the opti-
mum weights requires high computational complexity. Since decisions in early stages tend
to have higher error rates, the idea of partial PIC was then developed [23]. The conven-
tional PIC can provide satisfactory performance in time-invariant channel environments,
but its performance can be significantly degraded in time-variant channel environments.
This is due to the error propagation effect inherent in the multistage PIC scheme. Also,
it is known that the MMSE criterion cannot lead to the MBER performance.

In this chapter, we propose a new adaptive two-stage PIC detection scheme to improve
the performance of the MMSE-PIC. The optimization is based on the MV criterion [83].
It is well-known that the MV detection can lead to maximum output SNR and then the
MBER. The MV detector, originated from array beamforming, can be effectively realized
with the GSC structure. However, the conventional GSC cannot provide best performance

when implemented with an adaptive algorithm. Also, it is sensitive to model mismatch. In
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time-variant channel environments, direct application of the adaptive GSC in PIC detec-
tion may lead to divergence. The DFGSC proposed in Chapter 2 can solve the problems
successfully. Here, we extend the use of the DFGSC in MIMO PIC detection problem.
We propose an adaptive DFGSC-based PIC structure that can effectively enhance the
detection performance, particularly in time-varying channels. All adaptations are based
on the LMS algorithm. This will keep the overall computational complexity at a low level
and make the proposed scheme feasible for real-world applications. For easy reference,
we call our scheme as the DFGSC-PIC hereafter. We also derive the optimum solutions
for the DFGSC-PIC and analyze its convergence behavior. Simulations show that the
DFGSC-PIC detection scheme can significantly outperform the conventional MMSE-PIC
detection scheme in fast-variant channel environments.

The remainder of this chapter is organized as follows. In Section 5.2, the background
materials for MIMO signal model and; the basics of PIC are briefly described. In Sec-
tion 5.3, we propose the new adaptivejtwe-stage DFGSC-PIC detection scheme and
explain its operation in detaily Section 5.4¢gives convergence analysis of the proposed
algorithm. Finally, simulation tesults and summary‘ are presented in Section 5.5 and 5.6,

respectively.

5.2 MIMO Signal Model and Parallel Interference
Cancellation

Consider a wireless communication system with M antennas at the transmitter and N
antennas at the receiver, assuming M < N. Transmission is over independent time-
varying flat Rayleigh fading channels. We define h,,, (k) as the complex channel response
from transmit antenna m to receive antenna n at time instant k, with 1 < m < M and
1 < n < N. Spatial multiplexing is used in this MIMO communication environment. In
other words, there are M data streams transmitted at the same time. At time instant
k, the M transmitted data symbols can be collected into an M x 1 vector, denoted as
d(k) = [di(k) dy(k) --- duy(k)]T. Let h,, (k) be a vector containing the channel response
for dp,(k), i.e.,

hy, (k) = [ham (k) om(k) - B (F)]. (5.1)
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Then the complete N x M channel matrix for the transmission of d(k) can be presented
as

H(k) = [hi(k) hy(k) -+ ha(K)]. (5.2)
The data symbols are simultaneously transmitted through the M antennas and received

by the N antennas to yield an N x 1 received signal vector r(k), given by
r(k) = H(k)d(k) + n(k) (5.3)

where n(k) is an NV x 1 complex Gaussian noise vector with zero mean and equal variance
in each dimension. In addition, noise components at receive antennas are assumed to be
independent.

To detect the transmitted data symbols, the multistage PIC is applied. Here, we
focus on the development of a two-stage structure. Although more stages can be used,
the performance tends to saturate quickly, It has been found that a two-stage processing
can have the best trade-off between performanceé-and complexity [84]. The block diagram
of a general two-stage PIC detéction schenie. for MIMO systems is illustrated in Fig. 5.1.
As shown, the estimate for the-mth element of d(k) in the first-stage output is expressed
as dp, (k) = Dec{WX (k)r(k)}, where v’irm(k) 1s.a.first-stage N x 1 weight vector for the
estimation of d,, (k). The input vector to'the mth branch in the second stage, denoted as

. (k), is constructed as

(k) =x(0) = > (Kb (5.4)

Note that we treat those data symbols d;(k) for j # m as interference to d,, (k). If the
decisions from the first stage are mostly correct, interference from other transmit antennas
can be eliminated in #,,(k), and thus the estimation performance in the second stage can
be improved. We write the estimate for the mth element of d(k) in the second-stage output
as dp (k) = Dec{W! (k)t,,(k)}, where W,,(k) is a second-stage N X 1 weight vector for
the estimation of d,,(k). Conventionally, to avoid noise enhancement, the weight vectors
W, and W, are optimized through the MMSE criterion [8]. We define the MMSE cost

function for the mth weight vector in the first stage as

Jnin, E{le(k)*} = Inin, E{|dn (k) — Wy, (k)r(k)[}. (5.5)
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It is well-known that the optimum solution for (5.5) involves the matrix inversion, which
is not desirable in real-world applications. This problem becomes more troublesome when
channels are time-variant. As an alternative, adaptive methods are adopted to obtain the
weight vector recursively. The simple yet effective LMS algorithm is used here as well.

The update equation for w,,(k) with the LMS algorithm is given by
Wi (k + 1) = Wy, (k) + pr(k)e* (k) (5.6)

where p is the step size controlling the convergence rate, and e(k) is an error signal as
that given in (5.5). The operation of the MMSE-PIC can be divided into two modes,
training and decision-directed. In the training mode, training sequences are transmitted
for the initial adaptation of w,,(k). Once convergence is reached, the decision-directed
mode is activated in which detected symbols are fed back as reference signals and the
PIC weights are updated continuouslysiThe adaptation of w,,(k) in the second stage is
identical to that given above. However,rdue to t‘he‘ satisfactory result usually provided in
the first-stage processing, the adaptation in’the second stage can be omitted. Here, we
simply let the PIC weights for 4'data stream match to the corresponding channel response

(in the second stage), i.e.,
Win (k) = (b, (k) B ()™ hy () (5.7)

in which we assume that h,, (k) is known or can be estimated. With extensive simulations,
we found that this approach gives little performance degradation. We then use this simple
way for the second-stage PIC weights throughout this chapter.

One problem associated with the decision-directed mode is the error propagation effect.
It can seriously affect the MMSE-PIC training. In the worst case, the receiver may lose
track of the time-varying MIMO channel. When this occurs, the training mode has to
be re-initiated. It is well-known that the transmission of training sequences will reduce
the bandwidth utilization efficiency. In the following, we will develop the DFGSC-PIC
detection scheme having much higher resistance to error propagation. It can continuously

track the fast-variant MIMO channel and thus keep the high transmission efficiency.
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5.3 DFGSC-PIC and Its Adaptive Realization

In this section, an adaptive two-stage DFGSC-PIC detection scheme for MIMO systems
is proposed. In the scheme, a channel estimator is included. The estimated channel
information is employed to assist the detection process. With the up-to-date channel
information, we will show that the DFGSC-PIC can greatly enhance the detection per-
formance in fast-variant channel environments. As mentioned, the DFGSC-PIC is only
applied to the first-stage processing.

Since the structure and the corresponding processing for each data stream are identical
in the first stage, for notation simplicity, we will drop the subscript m, and use w(k) to
denote the weight vector and J(k) the output decision for each data stream in the first
stage. Consequently, the detection process for each data stream in the first stage, as
shown in Fig. 5.1, can be depicted as the left part of Fig. 5.2. Similarly, the subscript
m for the channel vector h,,(k) given in (5:1).is also omitted. We propose to use the
MV criterion for the optimization jof W(k).. As described, the MMSE criterion cannot
provide the MBER performange. Also, it suffers from the error propagation effect when
implemented with adaptive structure.  It=will be:-shown below that the PIC optimized
with the MV criterion is much meore rebust and resistant to error propagation. The
MV criterion determines the weight vector w(k) for each data stream with the following
minimization:

gl(ikI)l w (E)R(k)w(k),  subject to h” (k)W (k) =1 (5.8)
where R(k) = E{r(k)r" (k)} is the input correlation matrix. The idea behind (5.8) is to
minimize the total output power provided that the data symbol d(k) from a particular
stream is kept at a constant level (with distortionless response in this case). If we treat
the difference between d(k) and the actual output as noise, this MV criterion will give the
maximum SNR performance. It is well-known that the GSC is an alternative formulation
for the MV criterion. Originally, the GSC was proposed for beamforming in adaptive
array processing. With a designated look direction, GSC cancels interference from other
directions. For spatial multiplexing in MIMO systems considered here, the channel re-

sponse h(k) can be viewed as a spatial direction for d(k). As a result, GSC can be used to
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perform MV optimization in MIMO systems. The structure of GSC is depicted within the
square marked as “Conventional GSC” in the right part of Fig. 5.2. We first ignore other
components illustrated in the figure and concentrate on the operation of the conventional
GSC. As shown in the figure, the upper path includes an N-tap signal matched filter
wq (k). The lower path includes an N x (N —1) blocking matrix B(k) and an (N — 1)-tap
interference cancelling filter w,(k). The span of B(k) is designed to fall into the null
space of hf (k) and so B(k) can block the desired data symbol with channel h(k) entering
the lower path. We then have an equivalent spatial filter as w(k) = wq(k) — B(k)wa(k).
Using the constraint in (5.8), w,(k) can be readily found as wy(k) = (h” (k)h(k))"'h(k),

and w, (k) is optimized according to the output power of the GSC as

J(k) = E{ly(k)|*}
= E{|(wq(k) — B(k)wa(k))"r(k)[*}. (5.9)

The constrained optimization preblem in (5.8)7can then be rewritten as the following

unconstrained one.

min  J(k) = min (wo(k) SBE)Witk)R(E)(wo(k) — B(E)wa(k)).  (5.10)

Wa(k) Wa(k)

The optimum w, (k) is classically solved to be
Waopt (k) = (B(k)"R(k)B(k)) "B (k)R(k)wq(k). (5.11)

Let Wopt (k) = wo(k) — B(k)Waopt(k). With the optimum weight vector, the minimum
value of J(k) in (5.9), denoted as Jumin(k), can be calculated as

Jin(k) = W (B)R(E)Wopi (k). (5.12)

q

For the case of M < N, there are enough DOF's for interference cancellation. Thus, the

minimum value for (5.12) will be dominated by the power of the desired data symbol, i.e.,
Jmin(k) 2= o5|wl (k)h(k)|* = o} (5.13)

where o3 denotes the variance of the desired data symbol. Again, the LMS algorithm is

chosen to approach w, o (k) recursively, i.e.,
wa(k+ 1) =wa(k) + pav(k)e* (k) (5.14)
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where w, (k) is the estimate of w,op (k) at the kth time instant, v(k) = B (k)x(k) is
the filter input vector, u, is the step size controlling the convergence rate, and e(k) is
an error signal. Here, e(k) = y(k). When w,(k) is optimized, the error signal e(k) will
chiefly consist of the desired data symbol d(k). Due to the large error signal, the step
size in the LMS algorithm must be small and this will reduce the tracking capability of
the adaptive GSC. The other problem with the conventional GSC is that it is sensitive to
model mismatch. In the case of model mismatch, signal cancellation will occur. This can
seriously degrade the performance of the GSC. With reference to Chapter 2, a decision
feedback operation was introduced to overcome the problems, and the resultant scheme
was referred to as the DFGSC. Here, we use this DFGSC for the adaptive realization of
the MIMO MV detector. The architecture of DFGSC is shown in the right part of Fig. 5.2.
As seen, a feedback tap wy, (k) is added. A new cost function for the optimization of both

w, (k) and wy (k) is given by

J(k) = E{le(k)?}

= E{|y(k) — wi(k)d{#) [}

= B (BN S (R () ot (k)] [BH@

d(k;'(k)} 2}, (5.15)

For simplicity, we assume that the decision for the desired data symbol is correct, i.e.,

d(k) = d(k), in the derivation of the optimum w,(k) and wy(k). Following the similar

procedure in Chapter 2, we can derive

Waopt (£) = (B" (E)R(k)B(k))~'B" (k)R (k)wq (k) (5.16)
Wh,opt (k) = 0 (k)wq(k) = 1. (5.17)
Immediately, we can find that the expression of W, (k) in (5.16) is the same as that of

the conventional GSC. With W, opi (k) and wyept(k) given above, the minimum J(k) of

(5.15) for the DFGSC becomes

Tuin(k) = W (k)R(E)Wops () — 2. (5.18)

q

The first term in (5.18) equals the minimum J(k) of the conventional GSC given in (5.12)

and the second term in (5.18) is the variance of the desired data symbol. The input
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correlation matrix can be decomposed as R(k) = Rq(k) + R,(k), in which Rq(k) is the
input correlation matrix of the desired data symbol, and R, (k) is the input correlation

matrix of interference-plus-noise. Then, Jy;,(k) in (5.18) can be rewritten as

Juin(k) = W (B)R, (k) wopi (k). (5.19)

q

As we can see, the desired data symbol is totally excluded from Jp;, (k). When an adaptive
algorithm such as the LMS is applied to approach w, . (k), the performance can be
greatly improved by the feedback operation. This is because the error signal, given as
e(k) = y(k) — wi (k)d(k), does not contain the desired data symbol and its value is much
smaller than that of the conventional GSC. As a result, the stochastic gradient is small

and a large step size can be used to enhance the tracking capability of the GSC. The LMS

update equations for the DFGSC can be expressed as

walk 43S wa(Blet v (F)e” () (5.20)

wn -+ 1 B i (F)e” () (5.21)

where 11, is the step size for wi(k), jupis the-step si‘ze for wy(k), v(k) is the input vector
for w,(k), and e(k) is the error signal given above.

The feedback operation can also fnake the DFGSC robust to model mismatch. For
example, in time-variant channel environments, w,(k) may not always match to h(k). In
this case, B(k) cannot obstruct the desired data symbol. If there are enough DOFs, w, (k)
will be adapted to cancel the desired data symbol and the performance of the conventional
GSC may be degraded severely. This phenomenon is referred to as signal cancellation.
Also shown in Chapter 2, the signal cancellation phenomenon can be avoided in the
DFGSC. Now, the optimum solutions for w,(k) and wy(k) in the DFGSC are different

from those in conventional GSC. Following the procedure in Chapter 2, we can derive

Waopt (k) = (B (k)R (k)B(k)) "B (k)R (k) Wq (k) (5.22)

whopt (k) = B (k) (Wq(k) — B(k)Wa,opi (k). (5.23)

where W (k) and B(k) correspond to wq(k) and B(k) calculated based on the mismatched

channel estimate h(k), respectively. The minimum J(k) of the DFGSC in this case can
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be calculated as

Tmin(k) = W (E)R, (k) Wop (k) (5.24)

with Wopi (k) = Wq(k) — B(k)Waepi (k). From (5.22) to (5.24), we can see that Joyi,(k)
(and the error signal) still contains no desired data symbol. Although the signal leakage
is observed in the DFGSC, it becomes invisible in w,(k) adaptation. This is the reason
why no signal cancellation occurs.

We have already seen that the DFGSC can resist model mismatch. Thus, signal
cancellation will not occur when the channel response changes. However, in this mismatch
scenario, wq(k) cannot match to the channel and it will reduce the signal power in the
upper path of the DFGSC. Also, B(k) cannot block the desired data symbol and this leaky
component will increase the interference power. As a result, the overall performance of
the DFGSC will be degraded. The degradation can be ignored when the DFGSC is
operated in time-varying MIMO channels #ithin a short period of time. To keep the
good performance over a long-term period, however, w,(k) and B(k) have to be properly
updated. Here, we propose a simple method to do the job. First, define a diagonal matrix
as

P (k) = Diag{ (b (k) ‘h(k)}. (5.25)

This matrix, called the steering matrix, is used to pre-steer the look direction of the
DFGSC. In other words, the received signal vector is first multiplied with the matrix.
With this operation, w,(k) will become a time-invariant vector with components of all
ones, and B(k) can be any time-invariant orthogonal matrix, denoted as B. With B
chosen carefully, the computational complexity for signal blocking can be significantly
reduced. For the case of N = 2!, where [ is any nonnegative integer, a simple choice for
B is the Hadamard matrix (excluding the first column). For the case that N # 2!, B can
still be designed to achieve low complexity as reported in [85]. With this architecture,
only P(k) has to be updated.

Another problem is how to acquire the up-to-date channel response. With feedback
decisions, this can be easily solved using a channel estimator. Let the coefficients of the

channel estimator be denoted as q(k), which is an N x 1 vector. It can be tuned by a
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new error signal vector eq(k), and the optimization problem can be written as

min Eflleq(k)[I"} = min E{[lr(k) - a(k)d(k)|*}. (5.26)

To have better performance, we use the output in the second stage of the PIC, cZ(k), as
the input to the channel estimator. Also note that the estimation exists over all parallel
channels. With the assumption of correct decisions, it is not difficult to see that the
optimum q(k), denoted as qopt(k), will be equal to h(k). We still use the LMS algorithm

to approach qgpt (k) recursively. The update equation is given as
Ak +1) = q(k) + pod* (K)eq (k) (5.27)

where /i, is the step size for the adaptation. We observe that the input to q(k) is a white
sequence, which owns the smallest eigenvalue spread of the input correlation matrix.
Since the convergence rate of (5.27)1§ inversely proportional to the eigenvalue spread
[45], the adaptation of q(k) is expected $6 be fast and stable. In Section 5.5, we will show
empirically that this estimation mechanisny can successfully track the channel variations.

With the application of the steering-matrix, tﬁe adaptive DFGSC can be operated
in the time-variant channel environment. However, since the steering matrix and w, (k)
are connected in series, continuous update of the matrix may yield always un-convergent
w, (k). Since DFGSC can resist channel mismatch, there is no need to update the steer-
ing matrix continuously; periodic update is more appropriate. There is also one problem
associated with periodic update. This is because the abrupt change of the steering matrix
will make w, (k) deviate from its optimum state instantaneously. As a result, the perfor-
mance of the system will be degraded until w,(k) re-converges. To solve this problem,
we proposed the use of a dual-DFGSC configuration, as illustrated in Fig. 5.3, for each
branch in the first stage. These two adaptive DFGSCs are operated simultaneously and
complementarily. We let P(k) and d(k) in the first DFGSC be donated as Py (k) and
d (k), and those in the second DFGSC as Py (k) and dy(k), respectively. Both Py (k) and
P, (k) are updated periodically in different time instants, and only one of d; (k) and ds (k)
is selected as the decision passed to the second stage and used as the reference signal for

the dual-DFGSC adaptation. Let the time origin be zero, L be the update period and
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k =2jL+1, where j is a nonnegative integer and 0 < < 2L — 1. Then, P;(k) and Py (k)

can be express as

P.(2jL+1) = P(2jL) (5.28)

Py(2jL+L+1)=P(2jL+ L) (5.29)

where P(k) is as that in (5.25). Also, Py(l) = P(0) for 0 < ! < L — 1. The decision
passed to the second stage and used for the dual-DFGSC adaptation can be expressed as

- {d2(2jL+l), if 2jL <1<2L+L—1

d2jL+1) = di(2jL+1), if2jL+L<I1<2jL+2L—1" (5:30)

Fig. 5.4 shows the update and decision time relation for the dual-DFGSC structure. With
this approach, the DFGSC-PIC can keep good track to the channel variations and provide
smooth operation for channel updating. In the next section, we will provide a guideline for
the determination of L. As we can se€, the'dual structure will increase the computational
complexity. Fortunately, as mentioned, the structure is only applied in the first stage.
The weight vector w(k) for each branch in"the second stage (the subscript m is omitted

also) only performs the matching operation;iwe.,

w(k) =(q" (k)a(k)) " q(k) (5.31)

where q(k) is the up-to-date channel estimate for the corresponding channel.

5.4 Convergence Analysis

In this section, we will analyze the convergence behavior of the proposed DFGSC operated
in time-varying channel environments. The analysis is difficult and has not been done
before even for the conventional GSC. To let our analysis mathematically traceable, we
have to make some assumptions. First, we assume that each coefficient in the MIMO
channel varies independently with Jakes’ model and the channel vector is normalized
(made possible by the automatic gain control in practice). Other assumptions will be
given later whenever necessary. Recall that the correlation function of a normalized time-

varying channel vector h(k) can be modeled as a zeroth-order Bessel function of the first
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kind [86], namely,

Thi (7) £ E{hH(k)h(k —-7)}

= Jo(27 faTs7) (5.32)

in which 7 is the time lag, f4 is the Doppler frequency and 7j is the symbol duration, and
the function Jo(+) is the zeroth-order Bessel function of the first kind, which is defined by

1 s
Jo(2) & = / cos(z sin )d6. (5.33)
0

7
We assume that the channel variations are small in a short period of time and the channel

vector can be described by a random walk process as
h(k + 1) =h(k) +n(k) (5.34)

where 1(k) denotes a white noise vector with the variance of each component as 0727. The

variance can be calculated as

No2 = B{|| n(k) ZhOITRS, &
— ()| h(k) [} + B{Ak T 1) P} - 2E(h7 (b)h(k + 1))

— 2 2 (1) ‘ (5.35)

Thus, 07 = (2 — 2r,(1))/N. For notation simplicity, we drop the time index for wq(F)
and B(k) since they are constants during an update period. Let B=[b; by --- by 4]
and W, opi(k) = [wi(k) wa(k) -+ wy_1(k)]" in the following analysis. Due to the
decision feedback operation and small channel variations, the desired data symbol can be
assumed to be totally eliminated in the optimization. Also, the leaky component in the
output of B is small and can be ignored. To simplify the problem, we first consider a

noiseless environment with only one interference, in which h(k) denotes the interfering

channel vector. For perfect interference cancellation, we have

wih(k) = w" _ (k)B"h(k)

= wi (k)b h(k) + wi(k)bIh(k) + -+ +wh_, (k)bY_h(k).  (5.36)

At time instant k£ + 1, h(k + 1) is also perfectly cancelled. We shall have

wih(k+1) =wl  (k+1)B"h(k + 1) (5.37)

a,opt
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Substituting (5.34) and (5.36) into (5.37), we have

wi(k)bi'h(k) + wi(k)by'h(k) + --- +wy_,(k)by_ h(k) + w[n(k)
= wi(k+ 1)b{ (h(k) + n(k)) + wy(k + )b (h(k) + n(k)) + ---
+wy (k+ 1)bY [ (h(k) +n(k)). (5.38)

Now, assume that the variation term w'n(k) in (5.38) can be evenly cancelled by each

weight element in w, opt (k). We then have

wh (DI R(E) + (k) = wi(h+ DY (h(E) + () (5.39)

for 1 <n < N — 1. From (5.39), we can obtain

b7 h(k 1 In(k
wh(k + 1) = w) (k) 2P vy (k)
b/ (h(k) +n(k)) N —1bf(h(k)+n(k))
1 win(k)
~ w*(k 2 . 5.40
wn(k) + TR (5.40)
Thus, W, opt (k) can be approximated as ‘

Waapt (h 1) =W, (k) + w (k) (5.41)

where w(k) is the process noise vector.with its elements defined as the second term in
(5.40). From (5.41), we can see that the optimum weight vector w, (k) can also be
modeled as a random walk process. Note that E{|w/'n(k)]?} = o7 and E{|b['h(k)’} =
1/N. Thus, the variance of each component in w(k) is then No7. /(N —1)?. For the scenario
of multiple interfering streams, (5.36) and (5.37) can be modified to include multiple
channel vectors. With the similar method, we can derive the same result. Using the model
in (5.41), we can formulate the adaptation of w,(k) as a time-variant system identification
problem. As assumed, the desired data symbol is totally eliminated by the feedback
operation. Thus, we can deem that the whole DFGSC as an interference only system.
Now, the input to the system is BYH(k)i(k), where H(k) is the channel matrix excluding
the column corresponding to the desired data symbol and i(k) is the vector consisting of
interfering data streams. The output of the system is then wgopt(k)BHI:I(k)i(k) + z(k),

where z(k) is white noise with zero mean and variance 2. Then, the filter w,(k) is used

to identify w,pi(k). Also assume that w(k) is independent to both the input vector
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B7H(k)i(k) and the noise z(k). With these settings, the error signal e(k), involved in

the adaptation of w,(k), can be stated as

e(k) =wll  (K)BTH(k)i(k) + z(k) — w (k)BTH(E)i(k). (5.42)

a,0pt

Recall that the update equation for w, (k) is given in (5.20). We let v(k) = BTH(k)i(k)
and substitute (5.42) for e(k) in (5.20), we may reformulate the weight update in the

expanded form as
Wa(k+1) = (I — v (k)v7T (k) Wal(k) + pav(E)VT () Waopt (k) + pav(k)2* (k). (5.43)

Also define the weight-error vector as €(k) = wa(k) — Waopt (k). Using the expression in

(5.41), we may write
elk+1) = (I — pv(k)v"(k))e(k) + pav(k)z* (k) — w(k). (5.44)

With the direct-averaging method [45};we replace the matrix (I — p,v(k)v(k)) with its
ensemble average (I — p,Ry ), where Ryrisithe.correlation matrix of the input vector v (k).

The stochastic difference equation-can be expressed as
€k +1) =T — RJEE)+pav(k)z* (k) — w(k). (5.45)

Invoking the independence assumption ([45]; the weight-error correlation matrix, i.e.,

K(k) = E{e(k)e’ (k)}, is readily determined from (5.45) as
K(k+1) = (I - pRy)K (k) (I - paRy) + pi20’Ry + Q (5.46)

in which Q is the covariance matrix of w(k) given by
N
Q=——o0.lL 5.47
(N—12"" (5.47)
Assume that p, is small such that (5.46) will not diverge. In this case, we can see that

K (k) will reach a steady state and (5.46) can be reduced to
1

R K (k) + K(k)Ry ~ 11,0°Ry + —Q. (5.48)
[ia

One of the commonly used figure of merit for adaptive algorithms is the misadjustment
M (k), which can be defined by
_ Tr{RJK(k)}

2
g,

Mm(k) (5.49)
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Using (5.48), we can then have
1
Te{RK(k)} + Tr{K(k)Ry} ~ 1120’ Tr{Ry} + _Tr{@) (5.50)

and then the misadjustment of the adaptive DFGSC is approximated as

M(k) ~ %Tr{Rv} + Tr{Q} (5.51)

211207

for large k. Taking the derivative of (5.51) with respect to p, and setting the result to

zero, we readily find the optimum step size as

With the step size provided in (5.52), the misadjustment can be minimized.

Now, we discuss the determination of the updating period L. The period should be long
enough for w,(k) to converge, andishort enough for channel mismatch to remain small.
The settling time of the LMS salgorithm is proportional to the average time constant,

which is approximated as [45]
1

2 [LaAay

(5.53)

Tav. -

where \,, is the average eigenvalue for the underlying correlation matrix, i.e., Ry in our
scenario. As a rule of thumb, we choose two times of this average time constant for a

good trade-off between the convergence of w,(k) and channel mismatch.

5.5 Simulations

Computer simulations are conducted to demonstrate the effectiveness of the proposed
adaptive two-stage DFGSC-PIC detection scheme for time-varying MIMO channels. We
first examine the validity of the optimum step size derived in (5.52). For an adaptive

DFGSC, we experimentally calculate the interference cancellation MSE defined as
E{|(wq — Bwa (k)" (H(k)i(k) + n(k))*}. (5.54)

For the calculation of /i, opt in (5.52), we set z(k) in (5.42) to be the noise in the upper path,

ie., wfn(k). The MIMO channel is drawn from independent flat fading. The normalized
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Doppler frequencies f4Ty equal 1 x 107* and 5 x 10~*, respectively. For example, it is
to say that the data rate used is about 4.6 x 105 symbols/s and the carrier frequency is
2.4 GHz. The vehicle speed is set as about 20 km/h and 100 km /h, respectively. Assume
that the channel response is known at the beginning. The number of antennas is set at
M = 2 and N = 4. All transmitted symbols are randomly drawn and then modulated
by 16-QAM. The SNR is 30 dB. We have i, opt =~ 1.2 X 1073 for fyT, = 1 x 10~* and
Paopt = 6.0x 1073 for fqTy = 5x 10~%. In addition, L = 27,, ~ 85 for i opy ~ 1.2 x 1072,
and L = 27,y >~ 17 for paopt =~ 6.0 X 1073, Fig. 5.5 shows the interference cancellation
MSE versus different p,. As we can see, the MSE yielded by the optimum step size is
close to the minimum.

We then investigate the convergence behavior of the DFGSC-PIC and show the learn-
ing curves of the output SINR first. For comparison, we also consider the MMSE-PIC
detector. Again, the channels are independent flat fading and generated by Jakes’ model.
The transmitted data symbols are grouped into’blocks and the block size is 1024. The
channel response is assumed to be-known at'the heginning of each block. Other settings
for the proposed DFGSC-PIC; incliuding the step size and the update period, are the
same as those given in Fig. 5.5. All.tracking operations are based on the LMS algorithm.
The same channel tracking mechanism as given in Section 5.3 is used for the MMSE-PIC.
The step sizes in LMS adaptation for the MMSE-PIC are chosen to optimize the perfor-
mance as well. Fig. 5.6 shows the learning curves of the output SINR in the first and
second stages of the DFGSC-PIC and the MMSE-PIC with f47, = 1 x 10~%. In terms of
SINR, we see that the proposed DFGSC-PIC detector can usually perform better than the
MMSE-PIC detector. For the DFGSC-PIC in the first stage, it is clear that the update
of the steering matrix does not affect the learning behavior. Although the channel varies
over time (relatively slowly), both PIC schemes keep the good performance throughout
the block. However, as shown in Fig. 5.7, when fy7, is increased to 5 x 10™%, it becomes
difficult for the MMSE-PIC to track this rapid changing environment. The SINR values
for both stages of the MMSE-PIC degrades continuously with time. For the proposed
DFGSC-PIC, the output SINRs in both stages remain the same. This confirms that the
our DFGSC-PIC is much more robust to fast time-varying MIMO channels.
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We next show the SER performance for the environments described previously. We
compare the DFGSC-PIC with the MMSE-PIC and the V-BLAST system with param-
eters updated blockwisely. The V-BLAST system re-calculates the detection order and
weight vectors with the MMSE criterion at the beginning of each block. Hence, the
smaller the block length is, the better the performance is expected, but the higher the
computational complexity it requires. Usually, the V-BLAST system can perform very
well provided that the channel is exactly known. However, if the V-BLAST system only
updates in a blockwise manner in time-varying channel environments, its performance
degrades significantly, especially when the update interval is large. In general, the com-
putational complexity for calculating both the detection order and weight vectors is on
the order of O(N?) [87]. While the DFGSC-PIC is more complex than the MMSE-PIC,
the computational complexity of both PIC schemes keeps on the order of O(N). Fig. 5.8
shows the resultant SER against different:SNR values with f47, = 1 x 10~*. As demon-
strated, the proposed DFGSC-PIC andsthe MMSE-PIC performs almost the same. We
see that the V-BLAST system*needs to reduce the:block length to 150 to have the com-
parable performance of both PIC schemes. In Fig.“5.9, we change fqTy to 5 x 10~* and
re-run the simulations. This time the performance of the MMSE-PIC becomes poor, but
our DFGSC-PIC still performs quite well.” In order for the V-BLAST system to come
close to the performance of the proposed DFGSC-PIC, the block length should be further
shortened to 50.

Finally, Fig. 5.10 presents the SER against different f;7; values when the SNR is fixed
at 30 dB. We observe that the DFGSC-PIC outperforms the MMSE-PIC from moderate
to high f4qT; regions. It also outperforms the V-BLAST system with block length 50 in

high f4T region.

5.6 Summary

In this chapter, a new adaptive two-stage DFGSC-PIC detection scheme has been devel-
oped for time-variant MIMO systems. The proposed scheme utilizes the MV criterion
for PIC optimization. Using a specially designed dual-DFGSC structure, we are able to

realize the adaptive MV detector. The proposed scheme can have better tracking capa-
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bility than the MMSE-PIC detector, and also have the resistance to model mismatch.
This provides an effective yet low-complexity solution for spatial multiplexing in MIMO
systems. Simulations show that the proposed DFGSC-PIC can significantly outperform
the MMSE-PIC in fast-variant channel environments. We also compare the DFGSC-PIC
with the blockwisely updated V-BLAST system. It is shown that in fast-variant environ-
ments, the update frequency of the V-BLAST scheme has to be high in order to have the
performance comparable to that of the DFGSC-PIC. The high computational complexity

requirement often makes the V-BLAST difficult to apply in real-world implementations.
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Chapter 6

Conclusions and Future Work

6.1 Conclusions

Multiple antenna systems have been an important research area for future wireless com-
munications because of their potential for interference suppression, high capacity, and
increased diversity. Most current wireléssstandardization bodies (3GPP, IEEE 802.11,
802.16, and 802.20) are discussing or have already. included multiple antenna techniques.
This shows that the techniques are becoming sufficiently mature from both a theoreti-
cal and implementation point of view. It_is-clear that there are still many interesting
problems to be considered. In this dissertation, we have introduced the adaptive DFGSC
and its applications for various wireless communication scenarios. The adaptive DFGSC
and the corresponding decision feedback operation are successfully applied to STE, DFE,
and PIC spatial multiplexing detection in MIMO systems, and the performance of these
systems is greatly enhanced.

In Chapter 2, the adaptive DFGSC based on the LMS algorithm has been proposed.
The DFGSC contains a single-tap decision-directed equalizer and a single-tap feedback
filter in the GSC structure. It can avoid the signal cancellation problem and provide
extra robustness against a DOA mismatch. When the optimum weights are estimated by
the LMS algorithm, the convergence of the adaptive DFGSC is faster than that of the
conventional adaptive GSC.

In Chapter 3, based on the DFGSC developed in Chapter 2, a new adaptive STE
has been proposed for the suppression of both CCI and ISI. In addition to the adap-
tive DFGSC, a particularly designed CBDFE is also investigated. With the main DOA
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known as a priori, training sequences are not required for the adaptation of the whole
STE. For spatial processing, the DFGSC improves the CCI suppression capability when
implemented with the LMS algorithm. Moreover, the adaptive DFGSC with the sim-
ple point distortionless constraint is robust against multipath propagation environments
and spatial signature errors. For temporal processing, the proposed CBDFE can have
better performance than the LBDFE. With our special adaptation, the problem of error
propagation is reduced.

In Chapter 4, using the feedback operation proposed in Chapter 3, we have developed
the ACA-DFE for SISO systems and MIMO systems to reduce the error propagation
effect, especially in time-varying channel environments. With the special channel-aided
structure and the special operation for the feedback filter, the equalization performance
is improved.

In Chapter 5, an adaptive two-stage; PIC detection scheme has been developed for
MIMO systems in time-varying €nvironments. The DFGSC with the dual-DFGSC con-
figuration is utilized for adaptive realization. All-tracking operations are based on the
LMS algorithm. This provides:a low complexity solution for spatial multiplexing in mul-
tiple antenna systems. The DFGSC-PIC performs quite well even in fast time-varying

environments.

6.2 Future Work

In concluding this dissertation, we suggest following topics for further research.

e First, research efforts can be placed on further improving the performance of the
adaptive DFGSC. For rapid changing environments, the convergence rate of the LMS
algorithm may not be fast enough. We can then apply a fast-convergent adaptive
algorithm such as the RLS or self-orthogonalization algorithms. This may serve as

a potential topic for further studies.

e In CDMA systems, it is known that multiple access interference (MAI) is the main
obstacle for capacity enhancement. The adaptive GSC detector has been applied

to MAI suppression. However, signal cancellation has been an unsolved problem.
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To alleviate the problem, a constraint is usually posed on the filter weights. As a
straightforward extension, the adaptive DFGSC can be applied in this application

and signal cancellation can be completely avoided.

Since the GSC structure is also widely used in microphone array, the adaptive
DFGSC may be applied in the area of acoustic signal processing. However, the
speech signal is continuous and so the concept of decisions does not exist. Note
that there exists a strong correlation between a continuous and its quantized signal.
Whether or not we can still apply the decision feedback operation to the speech

signal deserves further investigation.

In Chapter 3, the CBDFE has been used to enhance the performance of the blind
DFE. Although it is not difficult to see where the improvement stems from, theo-
retical analysis is missing in this part. It is worth to examine the whole behavior of

the CBDFE and the effect,of error propagation in great detail.

Note that the DFE considered in C‘hap‘ter 4 fojr MIMO systems is generally referred
to as a one-stage PIC scheme in-which deécisions are made for all recovered bit
streams simultaneously. To fuether enhance the performance in MIMO systems,
we can apply the SIC technique where the decision for each bit stream is made
sequentially. The decision sequence is determined according to the decision-error
probabilities in the recovered bit streams. Combining SIC and the proposed MIMO

ACA-DFE, we can reduce the error propagation effect even more effectively.

Low-complexity algorithms for spatial multiplexing with convincing performance
are still missing. Furthermore, if the channel varies with time, the design chal-
lenge will increase significantly. We only consider the scenario of flat fading MIMO
channels for the two-stage PIC detection scheme in Chapter 5. For high data-rate
transmission, frequency selective fading is present between pairs of transmit and
receive antennas. Orthogonal frequency division multiplexing (OFDM) is a popular
technique for transmission of signals over wireless channels. It converts a frequency-

selective channel into a parallel collection of frequency flat subchannels, which makes
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the receiver simpler. The combination of the two powerful techniques, MIMO and
OFDM, is very attractive, and has become the most promising broadband wireless
access scheme. Extending the proposed DFGSC-PIC to use with OFDM in general

multipath MIMO channels remains to be investigated.
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