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Preface

In this information age, digital signal processing technology is playing an
increasingly important role in various fields of science and technology. Blind
signal processing (BSP) has been an active research area in signal processing
because the “blind” property doesn’t require on a priori knowledge about either
the signal or training data. As a powerful statistical signal processing method,
BSP has been successfully used in many fields, including acoustics, sonar,
speech separation, image processing, biomedical signal processing, remote
sensing, communications, geophysics, and economics.

Since the late 1990, students at Shanghai Jiao Tong University have actively
probed this research area with much success “using for reference-innovation-
practice” guiding principle. This book contains the results of this research, with
the goal of furthering our academic work and providing a bridge for further
domestic and international academic exchanges.

The book consists of three parts.

The first part, Chapters 1 to 5, gives the mathematical foundation of BSP, and
introduces basic concepts, definitions, and representative algorithms.

The second part, Chapters 6 to 8, applies BSP using deconvolution,
probability density estimation and joint diagolinization. In Chapter 6, the
convolution mixtures and the techniques of deconvolution are explained.
Compared with the linear instantaneous mixtures problem, the convolution
mixtures problem matches well with the real environment. Because the
convolution in the time-domain corresponds to the multiplication operation in
the frequency-domain, the mixing process can be considered as the product
of the finite impulse response (FIR) filter corresponding to the transmission
channel and the z-domain expression of the mixed signal vector. Therefore, the
blind separation of the convolution mixtures in the time-domain is changed to
the blind separation of the instantaneous mixtures in the frequency-domain. The
dual problems faced by the solution in the frequency-domain are the requirement
for higher computation efficiency and the alignment connection of the separated
frequency segment due to the permutation indeterminacy. The alignment method

of the adjacent frequency segment developed in this book takes the correlation
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parameters as the criteria to correctly connect the signal of each frequency
segment together. In Chapter 7, the estimation of the probability density function
of the source function forms the central topic. In the case where the distribution
function of the signal is unknown with enough sample data, the non-parametric
estimation method of the probability density function can guarantee that the
estimate converges to any complex unknown density. This property is consistent
with the condition that the source signals are unknown in blind separation. The
probability density function-based separating algorithm we developed is more
effective than the popular EASI algorithm. For any signals with a complex
distribution, increasing the accuracy of the separation algorithms should cause
the estimated probability density function to approach the true probability
density function of the signal as much as possible. For this reason, we developed
the Gaussian mixtures model-based probability density estimator, and verified
the performance of the algorithm with speech signals and ship-radiated noise
signals. Meanwhile, the estimation method of the probability density function
is extended to the blind deconvolution problem where Gram-Charlier expansion
is introduced to approximate the probability density function. This approach
is suitable to the hybrid mixed signal containing the super-Gaussian signal as
well as the sub-Gaussian signal along with improved computation and real-time
performance. In Chapter 8, we extend the joint approximate diagonalization
method to the non-stationary signal through the time-frequency distribution
function matrix instead of through the power spectrum function matrix.
After the convolution mixing model is transformed to a higher dimensional
instantaneous mixing model, the joint approximate block diagonalization is
adopted to implement the blind deconvolution of the time-frequency feature of
the source signals. Combining the developed non-parametric estimation method
with the time-frequency distribution fully utilizes the limited samples to obtain
more information in the time and frequency domains; therefore improving the
performance of the algorithm.

The third part, Chapters 9 and 10, introduces extensions to BSP theory and
provide applications in varied fields. In Chapter 9, we discuss in detail some
key problems, including how to speed up the convergence, the underdetermined
model, the complex valued method, and constrained independent component
analysis. The developed second-order statistics based algorithm is more suitable
to the convolution mixtures of the multi-input and multi-output system. On the

basis of the prior distribution expressed by the Gaussian mixtures model, the
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MoG-ulCA algorithm with a parameter learning capability has been developed;
that algorithm can recover the source signals with different distributions from
the mixed signals without undue limitation. Recent study shows that on the basis
of the state-space model of the signal, the particle filtering method combining
with MoG-ulCA algorithm is very effective to deal with the blind separation
of non-Gaussian noise and non-linear mixtures. And the study of a complex-
valued domain extends the application areas while it increases the computation
speed of existing algorithms. In Chapter 10, we present a wide range of
prospective problems for future research. Our illustrative areas have included
speech, underwater acoustics, medical imaging, data compression, image feature
extraction, and bioinformatics.

In surveying this book, readers can realize that key problems faced by blind
processing include nonlinear mixtures, the effect of noise on the performance
of separation, non-stationary signal models and the underdetermined model.
Though some progress, as reported in this book, has been achieved regarding
the above topics, there is still plenty of space for development in theory and
applications.

Since the word “blind” excludes prior assumption on system characteristic,
reliance is made of the cognitive model, constructed by statistical reasoning and
machine learning, to perform blind separation of real signals. The cognitive model
indicates how to transfer the indeterminacy of the mixed signal in the mixing
process. The classical statistical reasoning method is the Bayesian theorem;
however, it is only optimal in the case of a known prior probability distribution.
In order to overcome the obstacle of the prior probability distribution, we need
to develop the data-driven based statistical reasoning learning method under
the Bayesian framework to find an effective approach method. The time series-
based Bayesian reasoning can deal with the transfer of indeterminacy very
well. If the blind separation problem is described as a distribution model, in
which all hidden variables are deduced from observation variables, then the
blind separation problem is reduced to the Bayesian structure learning process.
In a general sense, Bayesian learning is an information-based knowledge
reasoning system. The key to successful separation is how to select a suitable
probability distribution to approach the initial distribution of the mixed signals.
The non-parametric Bayesian method uses the random process to depict the
infinite dimensional space, namely the Dirichlet process. The joint application

of Dirichlet process mixtures-based general purpose density estimator and
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nonlinear decoupling technology of the indeterminacy transfer for system state
and distribution estimation, can widen the successful application of blind signal
processing.

I have written this book to show the partial research results by twelve Ph.D.
students in recent years achieved in a collaborative, harmonious atmosphere. 1
would like to express my thanks to Hong Pan, Ze Wang, Xizhong Shen, Fengyu
Cong, Wei Kong, Shanbao Tong, Yingyu Zhang, Yanxue Liang and Haixiang
Xu for their respective contributions to Section 9.2; Section 1.4, Section 9.9,
Section 10.5 and Section 10.6; Section 7.7 and Section 9.3; Section 2.6, Section
4.1, Section 9.6/9.10, and Section 10.1; Section 5.6, Section 7.5, Section 9.5/9.6,
and Section 10.10; Section 10.2; Section 9.4 and Section 10.3; Section 10.7;
Section 8.7.

I want to express my appreciation to the following experts for their concerns
and support in the proposal and writing process; they are: Prof. Z. Y. He
(Southeast University, China), Prof. C. H. Chen (Massachusetts University,
Dartmouth, US), Prof. B. Z. Yuan (Northern Jiao Tong University, China), Prof.
G. Meng, Prof. T. G. Zhuang, Prof. Z. Z. Han, Prof. Z. Z. Wang, Prof. J. Yang,
Prof. Y. S. Zhu, Prof. L. Q. Zhang, and Prof. J. Chen of our laboratory.

Most of the early research results are taken from the related projects
sponsored by the Department of Information Science National Natural Science
Foundation of China. Without the enormous support from NSFC, it would have
been difficult to complete the long-term research.

In early 2006, 1 had to stop my writing due to a sudden eye disease. Special
thanks go to Prof. X. H. Sun for his treatment so that I could continue my
writing.

Finally, I would like to express my sincere gratitude to Prof. C. H. Chen and
Prof. Susan Landgraf for their help in editing the English version of the book.

Xizhi Shi
Shanghai Jiao Tong University
05/10/2010



Symbols

A={a,] mixing matrix

a; ijth element of matrix A

C mixing-separating composite matrix

C, covariance matrix of x

C, cross-covariance matrix of x and y

C(w) matrix in frequency-domain

D diagonal matrix with full rank

DG, f distribution function matrix in time-domain

det(A) determinant of matrix A

diag (d,, d,, -, d,) diagonal matrix with main diagonal elements (d,, &,, ***, d,)

E{-} expectation operator

G generalized partition matrix

H' inverse of nonsingular matrix H

H(z) transfer function of discrete time filter

H(7) matrix transfer function of discrete time filter

H(w) mixing matrix in frequency-domain

H(x) entropy of random variable x

I identity matrix

I x, identity matrix of dimension n X n

I(x,y) mutual information of random variable x and y

Im(+) imaginary part of

J(w) evaluation function

K(x) kernel function

KL(+) Kullback-Leibler divergence (distance)

k discrete-time or number of iterations

n number of inputs and outputs, sequence number of
discrete-time

N data length

m number of sensors

p(x) probability density function of x

P permutation matrix

P(f) power spectrum matrix

R, (m) cross-correlation function of discrete- time sequence

x(n) and y(n) with time delay m



xiv Blind Signal Processing— Theory and Practice

R (1)

R
R
R,
R (w)
R ()
Re(*)
s
s(t)
s(k)=Ls,(k),
8(z)
sgn(x)
tr(d)
U
w

wW=[w,]
WH=(W*)"
W(z)

W(w)
X,y
x(k)

x|

X

> dq 9

_— ,s,,(k)]T

cross-correlation function of continuous-time function
x(z) and y(¢) with time delay ¢

real space of dimension x

autocorrelation matrix of x

cross-correlation matrix of x and y

correlation matrix of mixed signals in frequency-domain

correlation matrix of output signals in frequency-domain

real part of

source signal vector

continuous-time signal

source signal vector of kth sample

z-transform of source signal vector s(k)

sign function

trace of matrix A

orthogonal matrix

system parameters of state-space model

separating matrix, demixing matrix

complex conjugate trahspose of W

matrix transfer function of deconvolution filter

separating matrix in frequency domain

random variable

observed signals vector, mixed signals vector

norm of vector x

separated (output) signals vector

frequency spectrum of output signal

inverse z-transform

Kronecker symbol

learning rate of discrete-time algorithm

Gamma function

eigenvalue of correlation matrix

"diagonal matrix

contrast function, nonlinear activating function of neuron
normalized angle frequency

gradient operator

estimate of parameters @



Contents

Chapter 1 Introduction roteeeeccersrrsirmiiiiiiniireeiiiiieiiiiciaiacetcatase. 1
1.1 Introduction T T T T L LR TR T TR P l
1.2 Bhnd SOUTCC Separation ................................................... 1
1.3 Independent Component Analysis (ICA) «+-+sreerserseensesnnsnssneennans 9

1.4 The Historical Development and Research Prospect of
Bhnd Slgnal Processing ................................................ 11
References ........................................................................ 20
Chapter 2 Mathematical Description of Blind Signal Processing ---+-------- 27
2.1 Random Process and Probability Distribution -+xceeeveresearaneeen. 27
22 Estimation Theory ......................................................... 34
2.3 Information TREOTy «+-eetrerterrseersrmmieiii i, 40
2.4 Higher-Order Statistics «=++++--++++ e eeeieereratieeneeiireeiaieeaaas 44
2.5 Preprocessing of Signal-+s+resseermereerrniin, 48
2.6 Complex Nonlinear Function ««-=+++rreresssserersana 33
2.7 Evaluation Index «roeceereresteerentsriiniitieiiieiietiitisetiiisciioe. 38
o e L T PN 58
Chapter 3 Independent Component Analysis-:«--+-cocomereeenraennnan.. 60
3.1 Problem Statement and ASsumptions :ecrr-orerrrereerereeia, 60
32 Contrast FunCtiOl’lS ...................................................... 62
3.3 Information Maximization Method of ICA «=reeeeerrrreernernneens 67
3.4 Maximum Likelihood Method and Common Learning Rule ------ 70
3.5 FastICA Algorlthm ...................................................... 71
3.6 Natural Gradient Method ................................................ 74
3.7 Hidden Markov Independent Component Analysis — <--=+-rresseeee 77
RETEIOICES "+ o rerroerreaernterernaereiareeeeaniereaostessisseersanemmsessnsenanns 82
Chapter 4 Nonlinear PCA & Feature Extraction «------v-oeceeeereeeeen. 84

4.1 Principal Component Analysis & Infinitesimal Analysis ---+-+--- 84



x Blind Signal Processing — Theory and Practice

4.2 Nonlinear PCA and Blind Source Separation +++«-st-resrreresavennns 87
4'3 Kcmel PCA ............................................................... 89
4.4 Neural Networks Method of Nonlinear PCA and

Nonlinear Complex PCA ................................................ 91
References ........................................................................ 95

Chapter 5 Nonlinear ICA «--«----vtrevserrtrrerieerininiiiiia e 97

5.1 Nonlinear Model and Source Separation --+««rr+=ssressrecianrviinan 97
5.2 Learning Algorithm <« +eeeeeereerssernemnin, 99
5.3 Extended Gaussianization Method of Post Nonlinear

Bhnd Separation ......................................................... 100
5.4 Neural Network Method for Nonlinear I[CA  =»er-reeereeneersenenns 103
5.5 Genetic Algorithm of Nonlinear ICA Solution  «-+-+=ssseserererans 105
5.6 Application Examples of Nonlinear ICA  +»--ceerreererenrnnnn. 106
References ........................................................................ 1 10

Chapter 6 Convolutive Mixtures and Blind Deconvolution ««--+---~c+ceeue 113

6.1  DesCription Of ISsmes -+ =++++++r-sreerrrerrumiieiniiiiaaiaaeaasreresen, 113
6.2 Convolutive Mixtures in Time-Domain «+esrerereervreesniie... 114
6.3 Convolutive Mixtures Algorithms in Frequency-Domain -+« 115
6.4 Frequency-Domain Blind Separation of Speech

CONVOIULIVE MIXEUFES  +++t+tsserentnrnenerermeaeeetnaionsmenensasuasncs 122
6.5 Bussgang Method =e-=vstesreerrrrtrntiiteeentinniiaiiieeiiieiiaiiieness. 126
6.6 Multi-channel Blind Deconvolution «=-+-«+xceteremreriaeniiiinnn.. 128
References ........................................................................ 130

Chapter 7  Blind Processing Algorithm Based on Probability

7.1
7.2
7.3
7.4

7.5
7.6

Density Estimation ................................................... 132
AdvaHCing the Problem ................................................... 132
Nonparametric Estimation of Probability Density Function -+ 133
Estimation of Evaluation FUunCtion rr-sveseeereeesseiercastenanciiionan 141

Blind Separation Algorithm Based on Probability

Density Estimation ...................................................... 142
Probability Density Estimation of Gaussian Mixtures Model +++-+- 150
Blind Deconvolution Algorithm Based on Probability

Density Function EStimation ............................................. 155



Contents  xi

7.7 On-line Algorithm of Nonparametric Density Estimation «=++--+ 163
References ........................................................................ 172
Chapter 8 Joint Approximate Diagonalization Method ---«----+ceeeneenes 175
8.1 Introduction ............................................................... 175
8.2 JAD Algorithm of Frequency-Domain Feature r-r-coreeeesmrecenns 176
8.3 JAD Algorithm of Time-Frequency Feature ++--»vsereveesecvcnnns 181
8.4 Joint Approximate Block Diagonalization Algorithm of
Convolutive Mixtures ................................................... 184
8.5 JAD Method Based on Cayiey Transformation =--«+c-coreerseeseee 188
8.6 Joint Diagonalization and Joint Non-Diagonalization Method ----- 190
8.7 Nonparametric Density Estimating Separating Method Based on
Time-Frequency Analysis ................................................ 193
References ........................................................................ 202
Chapter 9 Extension of Blind Signal Processing «+«-++«-«-sceeeeeereiiniinn 205
9‘1 Bllnd Slgnal Extraction ................................................ 205
9.2 From Projection Pursuit Technology to Nonparametric Density
Estimation—Based ICA ................................................... 208
9.3 Second-Order Statistics Based Convolutive Mixtures
Separation Algorithm «-+vveereeeenses e 215
9.4 Blind Separation for Fewer Sensors than Sources—
Underdetermined MOde] ................................................ 225
9.5 FastICA Separation Algorithm of Complex Numbers in
COHVOlutiVC Mixtures ................................................... 252
9.6 On-line Complex ICA Algorithm Based on Uncorrelated
Characteristics of Complex VEctors «++=++==rresrrasereaniriineniiii 259
9.7 ICA-Based Wigner-Ville Distribution ««+-+cosseeereseeiiainnn. 264
9.8 ICA Feature Extraction ................................................... 269
99 Constrained ICA ......................................................... 278
9.10 Particle Filtering Based Nonlinear and Noisy ICA «+-----cxemeevvee 282
ReferenCes «x v eerretrtirteittimaiiiaiiiie et iiaitieiattoranasernsesessennnns 290
Chapter 10 Data Analysis and Application Study ------+---ooeeerenniinnns 301
10.1 Target Enhancement in Active Sonar Detection  ++rereereseeness 301

10.2  ECG Artifacts Rejection in EEG with ICA  «+orereerrennnnninnns 312



xii  Blind Signal Processing — Theory and Practice

10.3 Experiment on Underdetermined Blind Separation of
A Speech Slgnal ......................................................... 317
104 ICA in Human Face Recognition .................................... 320
105 ICA in Data COmpreSSiOn ............................................. 324
10.6 Independent Component Analysis for Functional MRI
Data ANalysis «o+reereesesrensstnonmmntiii 333
10.7 Speech Separation for Automatic Speech Recognition System -+--- 342
10.8 Independent Component Analysis of Microarray Gene
Expression Data in the Study of Alzheimer’s Disease (AD):"--++-+ 351
References ........................................................................ 359
Index .................................................................................... 367



Chapter 1 Introduction

1.1 Introduction

Since the digital information age, signal processing has performed an
increasingly important function in the areas of science and technology, among
which blind signal processing (BSP), as one of the focal points, has great
potential. The word “Blind” in BSP means that there are no training data
and no prior knowledge of system parameters, so BSP can be utilized very
generally.

BSP contains the following three areas: separation and extraction,
deconvolution, and equalization of blind signal. And Independent component
analysis (ICA) as a parallel method can be used in the three areas, and will be
explained in the next chapters. BSP mainly concerns statistical and adaptive
signal processing, so the theoretical basis is rigorous. However, the validity
of model and algorithms is closely dependent on their specific applications,
which afford additional information to BSP. The author’s work expands along
these application-dependent lines.

The book is composed of three parts. Part 1(Chapter 1~5) contains
introductions, basic concepts and definitions, and some general algorithms; Part
2 (Chapter 6~8) concerns the progress of several important and typically related
themes and recent progress; Part 3 (Chapter 9~10) introduces the expansion and
development of basic models, as well as some application examples resulting
from the author’s researches.

This book can be used as a reference for researchers or textbook for graduate

students.

1.2 Blind Source Separation

Let us consider the situation where multiple sensors receive different signals sent by
several physical sources. The typical example is that several persons talk simult-

aneously in a room, in which a set of sensors have been placed in different locations,
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so signals received by sensors are mixed ones composed with differently
weighted original speech signals. The problem is to separate and identify the
original speech signal out of the mixed one, which is called the cocktail party
problem. The problem can be taken as impulse responses of a linear system.
For speech, signals are transmitted in medium of air. And considering the
reverberation effect, the cocktail party problem actually is a blind deconvolution
problem of multi-channels. There is a similar multi-channels abnormality
problem with underwater signals. Another example in this area is separation of
EEG signal. The electrode on the head records the mixed signals from different
sources. It is an instantaneous mixing problem without delay considerations to
which BSP can be successfully applied.

To explain the model and characteristics of blind source separation method,

we first discuss linear instantaneous mixing problem.

1.2.1 Linear Instantaneous Mixing Problem

As mentioned above, blind source separation is to recover the unobserved
original signal from multiple signal mixtures. Generally, the observed signals
come from the output of a set of sensors, each sensor receiving different original

mixed signals, as shown in Fig. 1.1.
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Fig. 1.1 Signal mixing process

In Fig. 1.1, signal source s, s,, ***, 5, sends signals to sensors with the
outputs x,, x,, *** , x,,. The transmission is assumed to be instantaneous, that is
different signals arrive at each sensor simultaneously, and sensors receive linear
mixtures from each signal sources. The output of i th sensor is

1',»(1)=2a,-js,-(t)+n,»(l‘) i=l,2,"',m (1.2.1)

where a; is mixing coefficient, n,(¢) is observed noise of i th sensor. Another
form with vector and matrix is
x(1) = As(t) +n(1) (1.2.2)
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where s(t)= [s5,(¢), s,(¢t), =, 5, ()] Tis an nx 1 vector of source signal.
Namely, x(¢) is an m % 1 vector of mixed signals, n(¢) is an m < 1 vector of
noise, and matrix A is an m X n mixing matrix whose elements a; are mixing
coefficients.

Without consideration of observation noise, in other words, assuming that
noise can be ignored, Equation (1.2.2) can be rewritten as

x(t) = As(p) (1.2.3)

Blind Signal source separation is to estimate source signal vector s(Z) or mixing
matrix A without knowledge of both source signals and mixing coefficient a; by using
only the mixed signal x(¢) received by the sensors. Signal source separation problem
can also be represented as follows: in the case that the source signals vector s( 1) and
mixing matrix A are unknown, find an n X m matrix W statisfying

y@) =Wx (1) (1.24)
that yields a reliable estimate for the source vector s(¢) or one of its components.
generally, matrix W is called the separating matrix.

By combining Egs. (1.2.3) and (1.2.4), we obtain

y()=Wx (1)
= WAs (1)
=Cs(1) (1.2.5)
where C= WA is an n X n matrix, this is called mixing-separating composite matrix.

Actually, the blind separation problem is a multiple solution problem, because
for an observed signal x(7), there may be an infinite group of mixing matrices
A and the source signals s(¢) satisfying Egs. (1.2.2) or (1.2.3). So to make the
problem meaningful, some basic assumption must be made.

With regard to the different signal sources, s,, s,, **-, s, it is reasonable
to assume that they are statistically independent. Let p(s) represent the joint
probability density function of source signal vector s(z) and p,(s,), P, (s,), ',
p.(s,) represent the marginal probability density function of then source
signals respectively. Then the assumption of statistical independence among all
components of the source signal vector can be written as

() = py () pa (oo p, (s) = [ p:Gs) (1.2.6)
i1

i.e. the joint probability density function of the source signal vector s(t) equals
to the product of the marginal probability density function of each component.
This statistically independent assumption of source signals is the basis of most
blind signal source separation algorithms.

Beside the statistically independent assumption regarding every component



