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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-innovationpractice” 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 rst part, Chapters 1 to 5, gives the mathematical foundation of BSP, and
introduces basic concepts, denitions, 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 efciency 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 veried
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 ltering 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 complexvalued 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 nd an effective approach method. The time seriesbased 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
innite 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. I
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 difcult to complete the long-term research.
In early 2006, I 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
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distribution function matrix in time-domain
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