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ABSTRACT

The enhancement of the performance of frequency domain convolu-
tive blind source separation (FDCBSS) techniques when applied to the
problem of separating audio soufces recorded in a room environment
ig the focus of this thesis. This challenging application is termed the
cocktail party problem and the ultimate aim would be to build a ma-
chine which matches the ability of a human being to solve this task.
Human beings exploit both their eyes and their ears in solving this task
and hence they adopt a multimodal approach, i.e. they exploit both
audio and video modalities. New multimodal methods for blind source
separation of audio sources are therefore proposed in this work as a
step towards realizing such a machine.

The geometry of the room environment is initially exploited to im-
prove the separation performance of a FDCBSS algorithm. The posi-
tions of the human speakers are monitored by video cameras and this
information is incorporated within the FDCBSS algorithm in the form
of constraints added to the underlying cross-power spectral density
matrix-based cost function which measures separation performance.
Both objective, signal-to-interference ratio and performance index, and
subjective, mean opinion score, performance measures are used to con-
firm the improved separation performance achieved by this multimodal

method.

iii




Abstract iv

Further improvement is next achieved through the adoption of a
fast fixed-point independent component analysis (FastICA) algorithm
carefully designed for complex signals within the multimodal FDCBSS
framework. An intelligent initialization strategy is dleveloped for the
FastICA algorithm on the basis of the geometric information. This
method is shown to yield more robust solutions for audio separation
even when the human sources are moving with a step-wise motion.
In the situation where there are more microphone measurements than
human sources, it is also shown that it is possible to exploit multiple
combinations of microphone sensors to improve the quality of separa-
tion.

Finally, in the situation where the human sources are moving sig-
nificantly within tﬁe room environment, it is proposed that FDCBSS
must be combined with beamforming to provide a new solution to audio
moving source separation. A Markov Chain Monte Carlo parficle filter
is used for tracking the true three-dimensional position of the centre of
the head of the target human speakers on the basis of a state evolution
model of position and velocity. The improved separation performance
of the schemes is confirmed through both objective and subjective mea-

sures.



To my parents.



CONTENTS

ABSTRACT . iii
ACKNOWLEDGEMENTS x
STATEMENT OF ORIGINALITY xii _
LIST OF ACRONYMS xvi
LIST OF SYMBOLS + xviii ‘
LIST OF FIGURES XX ‘
LIST OF TABLES xxxi
1 INTRODUCTION 1

| 1.1 The cocktail party problem 1

1.2 Blind source separation

1.3 Why multimodal methods 7

1.4 Organization of the thesis

-~ o W

2 FUNDAMENTALS OF BLIND SOURCE SEPARATION 10
2.1 Problem statement 10
2.2 Techniques for BSS | ] 14

2.2.1 Second-order statistics based BSS 14

vi




Abstract vil

2.2.2 Independent component analysis 16
2.3 Limitations of SOS/ICA ' 19
2.3.1 Solutions to the permutation problem 21
2.4 Performance measures used in this study 24
2.4.1 Signal-to-interference ratio 24
| 2.4.2  Performance index 25
2.4.3 Ewvaluation of permutation | 26
2.4.4 Mean opinion score 26

2.5 Overview of nonlinear Bayesian filtering (particle filters}) 27

2.6  Summary 32

3 A GEOMETRICALLY CONSTRAINED MULTIMODAL
METHOD FOR FREQUENCY DOMAIN CONVOLU-

TIVE BLIND SOURCE SEPARATION 33
3.1 Introduction 34
3.2 The geometrical model 35
3.2.1 Video camera calibration ' 35
3.2.2 Face extraction 38
3.2.3 Source position in the real world 40
3.3 The constrained problem 43
3.4 The overall constrained BSS ‘ 43
3.5 Experimental results and discussions 47
3.6 Summary 54

4 A MULTIMODAL METHOD FOR FREQUENCY DO-
MAIN INDEPENDENT COMPONENT ANALYSIS AND
SEPARATION OF STATIONARY AND STEP-WISE
MOVING SOURCES 55




Abstract ’ viii

4.1 Introduction 56

4.2 A fast fixed-point algorithm for ICA of complex valued -
signals ' 59
42.1 Robustness of contrast function 61

4.3 Proposéd intelligent initialization based FastICA algorithm 62
4.3.1 Initialization for stationary sources 62

4.3.2 Initialization when sources are moving in short

steps 63

4.4 Experiments and results 69
44.1 Stationary sources 69
4.4.2 Stepwise moving sources 74

4.5 Summary ' 78

5 EXPLOITING ALL COMBINATIONS OF MICROPHONE
SENSORS IN OVERDETERMINED FREQUENCY DO-
MAIN BLIND SOURCE SEPARATION OF SPEECH

SIGNALS _ 79
5.1 Introduction | | 80
5.2 Algorithm formulation ' 83
5.3 Experiments and results 88

54 Summary ' 92

6 A MULTIMODAL SOLUTION TO BLIND SOURCE

SEPARATION OF MOVING SOURCES 93
6.1 Introduction 94
6.2 Related work 96
6.3 - The system model 99

6.4 3-D visual tracker 102




Abstract

ix

6.4.1 State model

6.4.2 Measurement model

6.4.3 MCMC-sampling mechanism
6.5 Source separation

6.5.1 DBeamforming based separation

6.5.2 FastlCA based separation
6.6 Experiments and results

6.6.1 Data collection

6.6.2 Results and discussion

6.7 Summary

7 CONCLUSIONS AND FURTHER RESEARCH

7.1 Conclusions

7.2  TFuture research

BIBLIOGRAPHY

104
105
106
110
112
116
118

118

119
139

140
140
143

145




ACKNOWLEDGEMENTS

I would like to give my immense thanks to Prof. Jonathon A. Cham-
bers for his greatness as a leader, guide, and enthusiastic supervisor
throughout this work. I may have left this work incomplete if he had
not been my supervisor. Prof. Jonathon A. Chambers has kindly spent
much time working with me regarding the problems of my research.
Discussions that we had during our meetings were never one sided as
he allowed me to express my thoughts about any aspect of my studies.
He provided me great support to attend international conferences and
meet the professionals in the field of signal processing all over the globe.
His advice and comments on the publications and the thesis drafts have
been invaluable. Without them, I would not have finished this thesis.

I wish to give special thanks to Doctor Raza Sammar for partial
financial support for this research work. Aaditional thanks to Prof.
Jonathon A. Chambers for further financial support to complete this
study.

I wish to. thank Doctors Saeid Sanei, Sangarapillai Lambotharan,
Julia Hicks and Yonggang Zhang for their valuable discussions and
comments on my work and for having been co-authors of the research
papers,

I must express my gratitude to my family for their unconditional

love & prayers for my success and te Allah who gives nothing to those

X



Acknowledgements S xi

who keep their arms crossed.
Lastly, all members of the advanced signal processing group (ASPG)
deserve thanks for making the ASPG laboratory a constructive environ-

ment for research work. Qur discussions during the PhD period have

provided me with much needed information, such intention has been

invaluable.



STATEMENT OF
ORIGINALITY

The original contributions are on exploiting visual aspects of speech
with audio for source separation. The novelty of the contributions
are supported by one full journal paper submitted after review, one
complete book chapter in press, and, six 'published conference papers.

In Chapter 3, a novel geometrically constrained multimodal method
for second-order statistics (SOS) based convolutive blind source éepa—
ration is presented.' Audio-visual information is integrated through
a penalty function-based formulation to improve the BSS algorithm.
A comparative study of the proposed method with the two emerging
frequency domain convolutive blind source separation (FDCBSS) tech-
niques is also presented in this chapter. The results of this method have

been published in:

e S. M. Nagqvi, Y. Zhang, T. Tsalaile, S. Sanei and J. A. Cham-
bers “Evaluation of emerging frequency domain convolutive blind

source separation algorithms based on real room recordings,” in

Proc. Int. Conf. [EEE SAM, 2008, Darmstadt, Germany.

e S. Sanei, S. M. Naqgvi, J. A. Chambers and Y. Hicks “A geo-

metrically constrained multimodal approach for convolutive blind

xii



statement of originality xiii

source separation,” in Proc. Int. Conf. ICASSP, 2007, Hawaii,
USA. |

In Chapter 4, a novel multimodal method for higher-order statis-
tics (HOS) based independent component analysis (ICA) of complex
valued frequency domain signals is presented which utilizes video in-
formation to provide geometrical description of both the speakers and
the microphones. This geometric ihformation is intelligently incorpo-
rated into the initialization of the complex FastICA algorithm, which
not only solves the inherent permutation problem in frequency domain
CBSS but also improvés the rate of convergence for static sources. In
this chapter, this multimodal method is also improved for separation
of step-wise moviﬁg sources. The results of both methods have been

published in:

e S. M. Naqvi, Y. Zhang, T. Tsalaile, 8. Sanei and J. A. Cham-
bers “A multimodal approach for frequency domain independent

component analysis with geometrically-based initialization,” in

Proc. Int. Conf. EUSIPCO, 2008, Lausanne, Switzerland.

e S. M. Nagvi, Y. Zhang and J. A. Chambers “A multimodal
approach for frequency domain blind source separation for mov-
ing sources in a room,” in Proc. Int. Conf IAPR CIP, 2008,

Santorini, Greece.

In Chapter 5, based on the multimodal method presented in Chap-
ter 4, a new approach to overdetermined frequency domain blind source
separation (BSS) of speech signals which exploits all combinations of

observations and hence varying inter-microphone spacings is presented.




statement of eriginality xiv

The observations are divided into subgroups so that conventional fre-
quency domain BSS algorithms can be used.

In Chapter 6, a novel multimodal solution is proposed for the prob-
lem of blind source separation {BSS) of moving sources. In the proposed
approach, the visual modality is utilized to facilitate the separation for
both stationary and moving sources. To obtain the positions and veloc-
ities of the sources, a full 3-D visual tracker based on a Markov Chain
Monte Carlo particle filter (MCMC-PF) is implemented. The complete
BSS solution is formed by intégrating a freqﬁency domain blind source
separation algorithm and beamforming. The proposed method not only
improves the performance of the BSS algorithm and mitigates the per-
mutation probiem for stationary sources, but also provides a good BSS
performance for moving sources. The results of the complete solution

are presented in:

e S. M. Naqvi, Y. Zhang and J. A. Chambers “Multimodal Blind
Source Separation for Moving Sources,” in Proc. Int. Conf.

ICASSP, 2000, Taipei, Tatwan.

e S. M. Nagvi, Y. Zhang, M. Yu and J. A. Chambers *A Multi-
modal Approach to Blind Source Separation of Moving Sources,”

submitted after review, IEEE Transactions on Multimedia.

e S. M. Naqvi and Editors, Machine Audition: Principles, Algo-
rithms and Systems: A Multimodal Solution to Blind Source Sep-
aration of Moving Sources. Will be published by the IGI Global,
USA.

The results of another contribution which is related to the general

“approaches adopted in this work is published in:




statement of originality . XV

o T. Tsalaile, S. M. Nagvi, K. Nazarpour, S. Sanei and J. A.
Chambers “Blind source extraction of heart sound signals from

lung sound recordings exploiting periodicity of the heart sound,”

in Proc. Int. Conf. ICASSP, 2008, Las Vegas, USA.




ABF
CBSS
CPP
DFT
DOA
FDCBSS
FIR
HOS
ICA
IDFT
ITFastICA
KF
LCMV
LS

MCMC-PF

List of Acronyms

Adaptive Beamformer
Convolutive Blind Source Separation
Cocktail Party Problem

Discrete Fourier Transform

Direction Of Arrival

Frequency Domain CBSS

Finite Impulse Response

Higher-Order Statistics

Independent Component Analysis
Inverse DF'T

Intelligently Initialized FastICA

Kalman Filter

Linearly Constrained Minimum Variance
Least—Squares

Markov Chain Monte Carlo Particle Filter

xvi



List of Acronyms

xvii

MH

MIMO

MOS

MSE

MVDR

PCA

pdf

P1

PSD

RT

s.t

SIR

5150

508

SPL

w.r.t

Metropolis-Hastings
Multi-Input-Multi-Output
Mean Opinion Score

Mean Square Error

Minimum Variance Distortionless Response
Principal Component Aﬁalysis
Probability Density Function
Performance Index

Power Spectral Density
Reverberation Time

subject to
Signal—to-Interference Ratio
Single-Input-Single-Cutput
Second-Ordér Statistics
Sound Pressure Level

with respect to



1112
|4l
o8

diag(d)

E{}

kurt()

Neg(.)

LIST OF SYMBOLS

Absolute value

Euclidean norm

Frobenius norm

'Transpose operator

Hermitian transpose operator

Pseudo-inverse

Diagonal matrix

Diagonal matrix with vector d on its main diagonal
Statistical expectation operator

Identity matrix

~Kurtosis

Number of mixtures
Number of sources
Negentropy

Angular frequency

xviil




List of Symbols

xXix

R

Covariance matrix

Source matrix

FFT length

Cost. function

Whitening matrix

Length of unmixing filter

Variance

Nonlinear contrast function

First derivative of nonlinear contrast function
Second derivative of nonlinear contrast function
ith column vector of mixing matrix

Mixing matrix

Estimated unmixing vector

Estimated unmixing matrix

Permutation matrix

Overall system matrix

Length of mixing filer




List of Figures

1.1 Machine cocktail party problem: to build an intelligent
machine which can duplicate some aspects of the hu-
man auditory system to solve the cocktasl party problem

through microphones and video measurements. 2

1.2 A convolutive mixing environment with two Sources, Speak-
ers 1 & 2, and two Sensors, Microphones 1 & 2, together

with other interferences. 4

3.1 A two-speaker two-microphone setup for récording within
a reverberant (room) environment; only distances and

angles between sources and microphones are shown. 41

3.2 Plan view of a two-speaker two-microphone layout for
recordings within a reverberant {(room) environment. Height
of the room = 5.0m. The objective evaluation of BSS
requires the mixing filter therefore the audio signals are
convolved with real room impulse responses recorded in
the illustrated room geometry and real recordings of the
same room geometry were also separated and evaluated

subjectively by listening tests. Room impulse response

length is 130 ms. 48




LIST OF FIGURES xxi

3.3

3.4

3.5

3.6

Performance index at each frequency bin for the observed
mixture signals obtained by convolving the source signals
with the room impulse responses. (a) Parra and Spence
algorithm [19], (b) Wang et al. algorithm [74], and (c)
multimodal FDCBSS algorithm [66]. A lower PI refers

to a superior method. 49

Ewvaluation of permutation in each frequency bin for the
observed mixture signals obtained by convolving the source
signals with the room impulse responses. (a) Parra and
Spence algorithm [19], (b) Wang et al. algorithm [74],
and (¢} multimodal FDCBSS algorithm [66). abs(G llGéz)—

- abs(G12G31)] > 0 means no permutation. 49

Performance index at each frequency bin for the observed
mixture signals obtained by convolving the source signals
with the room impulse resporises. {a} Parra and Spence
algorithm [19], (b) Wang et al. algorithm [74], and (c)
multimodal FDCBSS algorithm [66]. A lower PI refers

to a superior method. ‘ 50

Evaluation of permutation in each frequency bin for the
observed mixture signals obtained by convolving the source
signals with the room impulse responses. {a) Parra and
Spence algerithm [19], (b) Wang et al. algorithm [74],
and (c) multimodal FDCBSS algorithm [66]. [abs(G1,Gas)—

abs(G12Ga1)] > 0 means no permutation. 51




LIST OF FIGURES

xxii

3.7

3.8

41

4.2

Performance index at each frequency bin for the observed
mixture signals obtained by convolving the source signals
with the room impulse responses. (a) Parra and Spence
algorithm [19], (b) Wang et al. algorithm [74], and {(c)
multimodal FDCBSS algorithm [66]. A lower PI refers

to a superior method.

Evaluation of permutation in each frequency bin for the

52

observed mixture signals obtained by convolving the source

signals with the room impulse responses. (a) Parra and

Spence algorithm [19], (b} Wang et al. algorithm [74],

and (c) multimodal FDCBSS algorithm [66]. {abs{G11Ga2)—

abs(G12Ga1)] > 0 means no permutation.

Performance index at each frequency bin for the Bing-
ham and Hyvirinen algorithm on the top [96] and the
proposed algorithm at the bottom, audio signals of length
10sec were convolved with recorded real room impulse re-
sponses, iteration count = 7 was fixed. A lower PI refers

to a superior method.

Evaluation of permutation in each frequency bin for the
Bingham and Hyvirinen algorithm at the top [96] and
the proposed algorithm at the bottom, audio signals of

length 10sec were convolved with recorded real room im-

32

70

pulse responses, iteration count = 7 was fixed. [abs{G11G2)—

abs(G'13Ga1)] > 0 means no permutation.

71



LIST OF FIGURES

xxiii

4.3

4.4

4.5

4.6

(a) Performance index at each frequency bin and (b)
Evaluation of permutation in each frequency bin for Bing-
ham and Hyvdrinen FastICA algorithm [96], audio sig-
nals of length 10sec were convolved with recorded real

room impulse responses, iteration count = 35 was fixed.

A lower PIrefers to a better separation and [abs(G'11Ga)—

abs(G12G21)] > 0 means no permutation.

The convergence graph of the cost function of the pro-
posed algorithm for the audio signals of length 5sec con-
volved with recorded real room impulse responses, using
contrast function G(y) = log(b+ y); the results are av-

eraged over all vectors of all frequency bins.

A two-gpeaker twé-microphone layout for recording within
a reverberant (room} environment. Speakers move with
the speed of 5 deg/sec. Room impulse response length

15 130 ms.

Performance Index at each frequency bin when (a) Both
sources are static i.e. speaker 1 at position A and speaker
2 at position C, (b) One source moved i.e. speaker 1
at position A and speaker 2 moved 10 degrees counter-
clockwise from position C, and (c¢) Both sources moved
i.e. speaker 1 moved 10 degrees counterclockwise from

position A and speaker 2 moved 5 degrees clockwise from

position C. A lower PI refers to a better separation.

72

73

75

76




LIST OF FIGURES

xxiv

4.7 Evaluation of permutation in each frequency bin when

5.1

5.2

5.3

(a) Both sources are static i.e. speaker 1 at position A
and speaker 2 at position C, (b) One source moved i.e.
speaker 1 at position A and speaker 2 moved 10 degrees
counterclockwise from position C, and (¢} Both sources
moved i.e. speaker 1 moved 10 degrees counterclockwise
from position A and speaker 2 moved 5 degrees clockwise
from position C. [abs{G11Gaz)} — abs(G12G21)] > 0 means

no permutation.

Ilustration of the proposed grouping approach in overde-

termined frequency domain blind source separation.
The room set up.

PI measurements of the method in [107] and the pro-

posed approach at different frequency bins

7

82

89

91



LIST OF FIGURES

XXV

6.1 System block diagrarﬁ: Video localization is based on
state-of-the-art Viola-Jones face detector [78], two fully
calibrated colour video cameras are used to determine
the approximate 2-D positions of the speakers. The 2-D
image information of the two video cameras is converted
to 3-D wdrld_ co-ordinates through the calibration pa-
rameters and optimization method. The approximated
3-D locations are fed to the visual-tracker, and on the
basis of estimated 3-D real world position and velocity
from the tracking, the sources are separated either by
beamforming or by intelligently initializing the FastICA

algorithm.

6.2 Two set beamforming system configuration: (a) Beam-
former for target s, and jammer s; (b) Beamformer for

target s, and jammer 8o
6.3 Microphone and source layout

6.4 A two-speaker two-microphone layout for recording within
a reverberant (room) environment. Room impulse re-

sponse length is 130 ms.

6.5 3-D Tracking results 1: frames of synchronized record-
ings, (a) frames of first camera and (b) frames of second

camera; the Viola-Jones face detector (78] efficiently de-

tected the faces in the frames.

101

113

114

119

120



LIST OF FIGURES xxvi

6.6 3-D Tracking results 1: SIR-PF based 3-D tracking of
speaker 1 while walking around the table in the intel-
ligent office. Speaker 2 is physically stationary in this

experiment. ' 121

6.7 3-D Tracking results 1: MCMC-PF based 3-D tracking
of speaker 1 while walking around the fable in the in-
telligent office. Speaker 2 is physically stationary in this

experiment. ‘ 122
6.8 3-D Tracking results 2: SIR-PF based 3-D tracking of the

speakers while walking around the table in the intelligent
office. 122

6.9 3-D Tracking results 2: MCMC-PF based 3-D tracking
of the speakers while walking around the table in the

‘intelligent office. 123

6.10 3-D Tracking results 1: SIR-PF based tracking of the
speaker 1 in the x and y-axis, while walking around the
table in the intelligent office. Speaker 2 is physically
stationary in this experiment. The result provides more

in depth view in the x and y-axis. 124

6.11 3-D Trécking results 1: MCMC-PF based tracking of

the speaker 1 in the x and y-axis, while walking around

the table in the intelligent office. Speaker 2 is physically

‘stationa,ry in this experiment. The result provides more

in depth view in the x and y-axis. 124




© LIST OF FIGURES

xxvil

6.12

6.13

6.14

6.15

6.16

3-D Tracking results 2: SIR-PF based tracking of the
speakers in the x and y-axis, while walking around the
table in the in'telligent office. The result provides more

in depth view in the x and y-axis.

3D Tracking results 2: MCMC-PF based tracking of the
speakers in the x and y-axis, while walking around the
table in thé intelligent office. The result‘provides more
in depth view in the x and y-axis.

3-D Tracking results 1: SIR-PF based tracking of the
speaker 1 in the z-axis, while walking around the table
in the intelligent office. Speaker 2 is physically stationary

in this experiment. The result confirms that there is very

125

125

small change in the z-axis with respect to the x and y-axis.126

3-D Tracking results 1: MCMC-PF based tracking of the
speaker 1 in the z-axis, while walking around the table in
the intelligent office. Speaker 2 is physically stationary

in this experiment. The result confirms that there is very

small change in the z-axis with respect to the x and y-axis.127

3-D Tracking results 2: SIR-PF based tracking of the
speakers in the z-axis, while walking around the table in
the intelligent office. The result confirms that there is

very small change in the z-axis with respect to the x and

y-axis.

127




LIST OF FIGURES

xxvidi

6.17

6.18

6.19

6.20

6.21

3-D Tracking results 2: MCMC-PF based tracking of the
speakers in the z-axis, while walking around the table in
the intelligent office. The result confirms that there is
very small change in the z-axis with respect to the x and
y-axis.

3D Tracking results 1: SIR-PF based tra,ckinglof the
speaker 1. Speaker 2 is physically stationary. Euclidean
error is calculated against manually annotated frame-

based ground truths in each camera plane of speaker 1.

3-D Tracking results 1: MCMC-PF based tracking of the
speaker 1. Speaker 2 is physically stationary. Euclidean
error is calculated against manually annotated frame-

based ground truths in each camera plane of speaker 1.

3-D Tracking results 2: SIR-PF based tracking of the
speakers. Euclidean error is calculated against manu-
ally annotated frame-based ground truths in each cam-

era plane of the speakers.

3-D Tracking results 2: MCMOC-PF based tracking of
the speakers. Euclidean error is calculated against man-

ually annotated frame-based ground truths in each cam-

era plane of the speakers.

128

129

129 -

130

130




LIST OF FIGURES

xxix

6.22

6.23

6.24

Angle of arrival results 1: Angle of arrival of speaker 1
relative to the sensor array. Speaker 2 is physically sta-
tionary in this experiment. The estimated angle before
tracking and corrected angle by MCMC-PF are shown.
The change in angle is not smooth because of the gait of

the speaker.

Angle of arrival results: Angle of arrival of the speakers
to the sensor array. The estimated angle before tracking

and corrected angle by MCMC-PF are shown.

BSS Results: performance index at each frequency bin

for the original Bingham and Hyvdérinen algorithm on the

- top [96] and evaluation of permutation at the bottom,

6.25

on the recorded signals of known room impulse response
with fixed iteration count = 35, length of the signals is

5 seconds. A lower PI refers to a superior method and

[abs{G11Gy2) — abs(G12G21)] > 0 means no permutation.

BSS Results: performance index at each frequency bin
for the proposed intelligently initialized FastICA algo-
rithm at the top and evaluation of permutation at the
bottom, on the recorded signals of known room impulse
response with fixed iteration count = 6, length of the sig-
nals is 5 seconds., A lower PI refers to a superior method

and [abs{G11Ga2) — abs(G12Gy1)] > 0 means no permu-

tation.

131

132

134

135



LIST OF FIGURES

XXX

6.26

6.27

6.28

BSS Results: performance index at each frequency bin
for the proposed intelligently initialized FastICA algo-
rithm at the top and evaluation of permutation at the
bottom, on the recorded signals of known room impulse

response, length of the signals is 0.4 seconds. A lower P1I

refers to a superior‘ method and [abs{G11Ga2)—abs(G12Ga1)] >

0 means no permutation.

BSS Results: performance index at each frequency bin
for 3-D tracking based angle of arrival. information used
in beamforming at the top and evaluation of permutation
at the bottom, on the recorded signals of known room
impulse response, beamforming based separation is inf
dependent of length of the signals. A lower PI refers to
a superior method and [abs{G11Gas) — abs(G12Ga1)] > 0

means no permutation.

BSS Resulfs: performance index at each frequency bin
for 3-D tracking based angle of arrival information used
in beamforming at the top and evaluation of permuta-
tion at the bottom, on the recorded signals of known
room impulse response, beamforming based separation
is independent of iéngth of the signals. Speakers are
physically close to each other therefore performance is

reduced. A lower PI refers to a superior method and

[abs(G11G22) — abs(G12G;)] > 0 means no permutation.

136

137

138



List of Tables

2.1 Listening-quality scale. 27

3.1 Comparison of SIR-Improvement between algorithms for

different sets of mixtures, h4

3.2 Subjective evaluation: Mean Opinion Score (MOS} for

separation of real room recordings. 54

4.1 Comparisen of SIR-Improvement between algorithms and

the proposed method for different sets of mixtures. 73

4.2 Number of iterations required for convergence in the pro-
posed IIFastICA algorithm averaged over all frequency

bins under different conditions of the sources. 78

5.1 Averaged PI measurements of the complex FastICA al-

gorithm, the method in [107] and the proposed approach 90

6.1 BSS Results: comparison of SIR-Improvement between
algorithms and the proposed method for different sets of

mixtures. 135

xxxi




LIST OF TABLES xxxii

6.2 Subjective evaluation: MOS for separation of real room

recordings, by IlFastICA when sources are stationary,

and by beamforming when sources are moving. 138




Chapter 1

INTRODUCTION

1.1 The cocktail party problem

The term cocktail party implies a gathering of people in a room where
several people are participating in a conversation, some might be mov-
ing while talking and background music may also be being played. Colin
Cherry, in 1953 [1), first defined the cocktail party problem and Cherry
and Taylor in 1954 [2] further worked on this problem, which is defined
as: |

“How do we recognise what one person is saying when others are
speaking at the same time (the “cocktail party problem”)?” - Colin
Cherry 1954 (2] | .

Simon Haykin in [3] explained that tackling the cocktail party prob-
lem is underpinned by a psychoacoustic phenomenon which refers to
the remarkable human ability to selectively attend and recognize one
speech source amongst the many competing speech éources, all of which
are usually assumed to be independent of each other. Over half a cen-
tury after the first definition of the cocktail party problem by Cherry,
a complete understanding of the psychoacoustic phenomenon exploited
by a human is still missing.

The long term research aim of scientists working on the cocktasl




Section 1.1. The cocktail party problem 2

party problem is, by exploiting advanced computing and signal-processing

technologies, to build an intelligent machine which can mimic the abil-

ity of the human auditory system to solve the cocktail party problem.
During the last two decades, the increace in computing nower has

motivated 1esearchers to attempt to produce a real time solution to the

cocktail party problem as represented in Figure 1.1.

Kie 1

Cam3

k&

Figure 1.1. Machine cocktail party problem: to build an intelligent
machine which can duplicate some aspects of the human auditory sys-
tem to solve the cocktail party problem through microphones and video
measurements.

Attempts to solve the machine cocktail party problem have come
from the signal processing cornmunify in the form of blind source sep-
aration (BSS) and generally from the computer science community in
the form of computational auditory scene analysis [4]. The work in this
thesis through exploiting geometric information is a combination of the
two approaches.

The purpose of BSS is to recover unobserved source signals from

observed mixtures exploiting only the assumption of mutual indepen-

dence between the source signals [5], and this is next explained in more

detail.
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1.2 Blind source separation

In the field of signal processing the most popular approach to solve
the cocktail party problem is blind source separation (BSS). This is a
statistical approach by which individual sources can be estimated from
measurements containing mixtures of sources. The term “blind”™ refers
to the fact that BSS relies on only weak assumptions on the sources and
the mixing process. These weak assumptions enable the approach to be
potentially used in a wide variety of applications, including teleconfer-
encing, bio-medicine, financial time series analysis, security surveillance
or as a pre-processing step for speech recognition [6,7].

Many methods have been proposed to attempt to solve the BSS
problem. Herault and Jutten in 1985 (8] seem to be the first who ad-
dressed the problem‘of blind source separation. In the standard BSS
problem, the mixtures are assumed to be instantaneous. Instantaneous
means that there is essentially no delay between the sources and the
sensors i.e. the source takes a direct and zero delay path to the sensor.
Common in 1994 (9] formulated the problem of separating measure-

ments formed from an instantaneous linear mixing model and clearly

defined the term independent component analysis. He also presented -

an algorithm that measures independence by capturing higher-order
statistics {HOS) of the sources. a

However, the instantaneous model is not useful for solving the cock-
tail party problem as it does not represent most real-world environ-
ments, where acoustic sources take multiple paths to the microphone
sensor measurements. The convolutive model on the other hand is rep-
resentative of the practical situation. Two types of mixing model exist

in the convolutive case, anechoic and echoic. Anechoic mixing simply
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represents the transmission delays between the sources and sensors,
whereas echoic mixing as shown in Figure 1.2 represents the sourece to
sensor delays and also reverberations (echoes) of the sources. The lit-
erature is generaﬂy concerned with the echoic mixture model as it is
the most useful for representing a reverberant environment and it con-
tains the anechoic form as a special case. In echoic or convolutive BSS,
each element of the mixing filter H is in fact a linear filter to simulate

multipaths from sources to sensors.

Microphone 1
Speaker 1
Sait)

Xa(y
Speaker 2 ﬂ

Sz {1}

q

Microphone 2
X2 (1)

%4

Figure 1.2, A convolutive mixing environment with two Sources,
Speakers 1 & 2, and two Sensors, Microphones 1 & 2, together with
other interferences.

During the past decade there has been considerable research per-
formed in the field of convolutive blind source separation {(CBSS) e.g.
[10-26]. Most existing CBSS algorithms, initially, assume that the
sources are physically stationary i.e. the mixing filters are fixed, which
is not always true in the cocktail party ﬁrobierﬁ where sources may be
moving and secondly, are uni-modal, relying solely on audio informa-
. tion. Fundamentally, it is very difficult to separate convolutive mixed
signals by utilizing the statistical information only extracted from audio

signals, and this is not the manner in which humans solve the prob-
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lem [3] since they generally use both their ears and eyes. These are the

main motivations for the multimodal methods proposed in this thesis.

1.3 Why multimodal methods ?

Colin Cherry, in 1953, mentioned that it is best to combine and ex-
ploit the information provided by audio and visual measurements to
replicate the ability of a human to solve the machine cocktail party
problem. In [27] it has been shown that a speaker’s face in a noisy
environment greatly improves the intelligibility of that person’s voice.
The McGurk [28] effect also highlights the relationship between the
audio and visual aspects of speech and how humans perceive speech.
Visual cues, for example, are used to determine who is being addressed.
Human speech is inherently bimodal, with both audio and visual com-
ponents (4]. Colin Cherry observed that the human approach to solve
the cocktail party problem exploits visual cues [1,2] and Simon Haykin
in [3] also highlighted the importance of visual information to solve the
machine cocktail party problem.

There is no significant literature in the area of bi-modal or video
assisted CBSS. However, audio-visual information is already used in
speech acquisition, speaker tracking, source localization, and speech
enhancement [20-40]. In the context of CBSS, in unimodal systems
there are generally no priori assumptions on the source statistics or the
mixing system. On the other hand, in a multimodal approach the video
system can capture the positions of the speakers and the difections
they face [41]. The video information can thereby help to estimate the

mixing filters H more accurately and ultimately increase the separation

performance. Following this idea, the first objective of this work is to
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use efﬁciehtly such information in the enhancement of the separation
of stationary sources.

Most existing BSS algorithms are based on statistical information,
second-order statistics (SOS) and/or higher-order statistics (HOS), ex-
tracted from the recorded data. Such methods are generally not appli-
cable in CBSS of moving sources. Th_e challenge of CBSS for moving
sources is that the mixing ﬁltérs are time varying, thus the unmixing
filters should also be time varying, which are difficult to calculate in
real time on the basis of only audio information [34,42,43]. To fulfil the
second and last objective, in the proposed methods, the visual modality
is utilized to facilitate the separation for both stationary and moving
sources.

This thesis develops methods to answer the following important

questions:

e How can visual information be integrated in the existing CBSS

algorithms with audio to improve the CBSS of stationary sources?

¢ How can multiple moving sources be best detected and tracked

by utilizing audio-visual information?

e How can audio-visual information be incorporated to solve the

.BSS of multiple moving sources?

The first question is answered in the initial part of this thesis. The
last two questions are answered in detail, in the final part of this thesis.

The organization of this thesis with brief overview of each chapter

is presented next.
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1.4 Organization of the thesis
This thesis is organized as follows:

e Chapter 2 lays the foundation of the thesis. The main objective
of this chapter is to introduce the fundamentals of CBSS, limita-
tions of the key techniques in CBSS, and performance measures
required for objective and subjective evaluation of CBSS. A key
component of multimodal methods for CBSS of moving sources is
tracking of speakers therefore an overview of nonlinear Bayesian

filtering (particle filters) is also provided in this chapter.

¢ Chapter 3 improves BSS based on SOS by a novel constrained
multimodal approach for CBSS. Audio-visual information is inte-
grated through a penalty function-based formulation to solve the
permutation problem and enhance the source separation. The
separation is performed in the frequency domain and the geo-
metrical model which provides the geometrical positions of the

sources and the sensors is also described in this chapter.

e Chapter 4 presents a novel multimodal method for higher-order
statistics (HOS) based independent component analysis (ICA) of
complex valued frequency domain signals, which utilizes video in-

formation to provide geometrical description of both the speakers

and the microphones. This geometric information is incorporated
into the initialization of the complex FastICA algorithm for each
frequency bin, which not only solves the inherent permutation
problem in the frequency domain CBSS (with complex valued sig-
nals) but also improves the rate of convergence for static sources.

In this chapter, this multimodal method is also improved by ex-
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ploiting the permutation free unmixing matrix of the previous
block together with the whitening matrix of the mixtures of the
current block, to initialize intelligently FastICA for separation of

step-wise moving sources.

Chapter 5, based on the multimodal method presented in Chapter
4, provides a new approach to overdetermined frequency domain
blind source separation (BSS) of speech signals which exploits
all combinations of observations and hence varying inter micro-
phone spacings. A conventional scheme using only one micro-
phone group and an existing overdetermined frequency domain

BSS algorithm are also compared in this chapter.

Chapter 6, explains a novel multimodal solution for the prob-
lem of blind source separation (BSS) of moving sources. In the
proposed method, the visual modality is utilized to facilitate the
separation for both stationary and moving sources. To obtain the
positions and velocities of the sources, a full 3-D visﬁal tracker
based on a Markov Chain Monte Carlo particle filter (MCMC-
PF) is implemented, which results in high sampling efficiency.
The complete BSS solution is formed by integrating a frequency
domain blind source separation algorithm and beamforming: on
the basis of velocity obtained from the 3-D visual tracker, if the
sources are identified as stationary for a certain minimum period,
a frequency domain BSS algorithm is implemented. Once the
sources are moving, a beamforming algorithm which requires no
prior statistical knowledge is used to perform real time speech en-

hancement and provide separation of the sources. The proposed
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method not only improves the performance of the BSS algorithm
and mitigates the permutation problem for stationary sources,

but also provides a good BSS performance for moving sources.

o Chapter 7, concludes the thesis and includes suggestions for future

work.




Chapter 2

FUNDAMENTALS OF BLIND

SOURCE SEPARATION

The main work presented in this thesis is based on blind source sepa-
ration (BSS) therefore the problem statement, techniques, limitations,
and, performance measures of BSS are discussed. A key component of
the proposed multimodal solution to BSS of moving scurces is tracking
of speakers therefore a brief overview of nonlinear Bayesian filtering

(particle filters) is also presented in this chapter.

2.1 Problem statement

The BSS problem is to recover M unobserved source signals contained
in s(t) from the N observed mixture signals contained in x(¢) with
minimum assumptions about the mixing medium and the underlying
sources.

A classical instantaneous generative model can be described as:
M
j=t

where z;(t) denotes the i-th element of mixture column vector x(t) €
R¥, 5;(t) denotes the j-th element of source column vector s(t) € RM,

10
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t denotes .the discrete time index, and h;; is the attenuation element of
the mixing matrix H corresponding to its 4-th row and j-th column.
In convolutive blind source separation (CBSS) the sourcés are as-
sumed to be convolved with a linear model of the physical medium
(mixing matrix) which can be represented in the form of a multichan-
nel (in the real world e.g. a room, the speech signals recorded by the
microphones are affected by reverberations [20, 44]) FIR filter H{p),
| p=0,..,P —1 to produce N sensor signals. In this thesis to demon-
strate the proposed methods the exactly determined CBSS problem Le.
N = M = 2, is considered except in Chapter 5 (here the noise free case

is also assumed to simplify the formulation)

M P-1-

zi(t) =YD hyp)sit—-p)  i=1,.,N (2.1.2)

=1 p=0

where h@-j(p), p=20,...,P —1, is the P-tap impulse response from

source j to microphone ¢ and the p-th slice of the FIR filter H(p) is:

hu(p) - hiu(p)
Hp)=1{ : : (2.1.3)

hwi(p) -+ hyu(p)

In instantaneous BSS the sources are estimated by:

y;(t) = ij,-:cz-(t) j=1..M (2.1.4)

where y;(¢) denotes the j-th element of the estimated source column
vector y{t), and wy; is the gain element of the so-called separating or

unmixing matrix W corresponding to its j-th row and i-th column.
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In time domain CBSS, the sources are estimated using a set of
unmixing filters W(q), ¢ =0,...,Q — 1 such that

N Q-1

ylt) =Y. > wilgmlt—¢)  j=1,..,M (2.1.5)

i=1 ¢=0

where the ¢-th slice of the unmixing filter W{q) is:

wnlg) - winlg)
W= : : (2.1.6)

wi1(q) - wun(g)

Using a T-point windowed discrete Fourier transformation (DFT),
the time domain signals z;{(#), ¢ = 1, ..., N, can be converted into time-
frequency domain signals z;(w, tx) where « is a normalized frequency

| index and £, k = 1, ..., K, is a discrete time index (K represents the
total number of data blocks and is only required in Chapter 3 for second
order statistics (SOS)‘ based BSS discussed in the sequel). For each

frequency bin it can be written as:
x(w, t) = H(w)s(w, tx) (2.1.7)

where s(w, £} = [s1(w, t}, ..., s (w, t)]7 and x(w, ) = [z1(w, 1),
v Zn{w, t)], where (-)7 denotes Hermitian transpose, are the time-
frequency representations of the source signals and the observed signals,
H{w) is an N-by-M matrix composed of ;;(w), which is the frequency
representation for the mixing impulse response h;;(p). It is assumed

that I(w) is invertible when N = M, and does not depend on time
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and can be represented as:
hu{w} - hu(w)
Hw)= 1" : 5 (2.1.8)

th(w) L hNM(w)

The separation can be completed by an M-by-N unmixing matrix

W{w) at a frequency bin w

yiw, te) = W(w)x{w, t) (2.1.9)
‘wu((d') e ’t.UlN((.U)
W) =| : = - : (2.1.10)
win(w) - wan(w) |

where y{w,tx) = [y1{w, t), - yar{w, t)]F is the time-frequency repre-
sentation of the estimated source signals and W{w) is the frequency
representation of the unmixing matrix. W{(w) is determined so that
Sw,ty) = 9w, ty), 2 = 1,..., M, become as mutually independent as
possible.

The time domain separated signals §;(t) = y;(t), 4 = 1,..., M, can
- then be obtained by using an inverse DFT (IDFT) operation, provided

the scale and permutation ambiguities (discussed in the sequel) are

mitigated.
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2.2 Techniques for BSS

This section briefly overviews two techniques, second-order statistics

(SOS) based BSS and higher-order statistics (HOS) based BSS known

as independent component analysis (ICA).

2.2.1 .Second-order statistics based BSS

In SOS based separation algorithms the sources are separated on the ba-

sis of decorrelation rather than independence. These methods assume

that the sources are statistically non-stationary or have a minimum

phase mixing system [45-52|. However, second order statistics are not

sufficient for separation of stationary sources and the required condi-

tions are presented in [53,54], but the main advantage of SOS is that

they require shorter data lengths for accurate estimation [47,53,55,56].

Statistical non-stationarity

For time scales beyond 10ms speech signals can be considered statisti-

cally non-stationary [57,58]. The algorithms which exploits such non-

stationarity were proposed in [19,59]. Parra and Spence [19] proposed

frequency domain algorithm which jointly diagonalizes the unmixing

matrix W(w) for all frequency bins by minimizing the sum squared

error (as the sum of off diagonal elements of the covariance matrix of

the estimated sources) using the gradient descent algorithm [60]. Since

the performance of this technique is improved in Chapter 3 by using a

multimodal method it is important to overview the important concepts

within [19] in this chapter. In [19] the unmixing matrix W (w) is found
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across all frequency bins from

Ry(w,t,) = W(w)Rm(w,tk)WH(w)

= W(w)H(w)A(w, &) H ()W ()

where A (w,#;) is a diagonal covariance matrix describing the source
signals and is a different diagonal matrix for each time block i, and
R.(w, ) is the covariance matrix of X{w, ). The covariance matrices

are estimated using an averaged cross-power spectrum

L-1
R (w, ) = %ZX(w,t,c_ + mT)X (w, ty + T) (2.2.1)

n=1

‘where 7" is the block length of the FFT. The cost function J,, based

on the off-diagonal etements of Ry{w, 1) estimated at £, = kTL, k =

1,2,..., K, with K being the number of matrices to diagonalize, is
T K _
T =3 2 IE@, t)]l (2.2.2)
w=1 k=1

where B(w, tx) = {W (0)Rq(w, ) WH (W)} — Au(w, 2, and ||.|% is the
squared Frobenius norm. To avoid the trivial W{w) = 0 Vw solutions,
the constant diag{Wi{w)) = I Yw is applied. To minimize (2.2.2) the

method of steepest descent [60] is applied to yield

m
OIW(w)

K
2Y " E(w, t) W(w) R, (w, ) (22.3)
k=1

and the update equation for W{w) becomes

K
Wi (w) = Wiw) — 1) B(w, ) W(w)Ra(w, t) (2.2.4)
k=1
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where j and p are the iteration index and learning rate respectively.
The unmixing filter matrix W{w) is updated for all the frequency bins.
The source covariance matrix can be estimated at each iteration by
Ay, t) = diag{ W (w)Ra(w, t) W (W)} |
Another common approach to solving BSS problem is to use a par-
ticular kind of objective function in the context of independent compo-

nent analysis (ICA) [6,61] presented next.

2.2.2 Independent component analysis

ICA is a statistical and computational technique for revealing hidden
factors that underlie sets of random variables, measurements, or sig-
nals. ICA defines a generative model for the observed multivariate
data, which is typically given as a large database of samples. In the
model, the data variables are assumed to be linear mixtures of some
unknown latent variables, and the mixing system is also unknown.
The latent variables are assumed non-Gaussian and mutually indepen-
dent, and they are called the independent components of the observed
data. These independent components, also called sources or factors,
can be found by ICA. ICA is superficially related to principal compo-
nent analysis and factor analysis. ICA is a much more poﬁrerful tech-
nique, however, capable of finding the underlying factors or sources
when these classical methods fail completely. For ICA to work some

assumptions [6,61] must be taken.

e The sources are assumed to be statistically independent of each
other. Mathematically, independence implies that the joint prob-

ability density function p(s{¢)) of the sources can be factorized
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p(s(8) = [T rsfos8) (2:2.)

where p;{s;(t)) is the marginal distribution of the j-th source.
¢ All but one of the sources must have non-Gaussian distributions.

o The unknown mixing matrix is usually assumed to be square and
invertible. In other words it is assumed that the number of sources
is equal to the number of mixtures, i.e. an exactly determined

problem.

¢ Methods to realize ICA are more sensitive to data length than

the metho‘ds based on SOS.

In ICA the statistical independence of the sources implies the uncot-
relatedness of the sources, but the reverse is not necessarily true. As
a pre-processing step, most ICA algorithms decorrelate (pre-whiten)
the mixtures via spatial whitening, before optimizing their separating
objective contrast or cost functions. This spatial whitening is achieved

by employing the well-known principal component analysis (PCA}.

Principal component analysis

In the context of BSS, principal component analysis (PCA) seeks to
remove the cross-correlation between the observed signals, and ensures
that they have unit variance [6). PCA operates by finding the projec-
tions of the mixture data in orthogonal directions of maximum variance.
A zero mean vector z containing observations from spatially distinct lo-

cations is said to be spatially white if

E{zz"} =1 (2.2.6)
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where E{.} is the statistical expectation operator, ()7 is the transposed
operator, and I is the identity matrix. The unmixing matrix, W, can

be decomposed into two components as:
W =UQ ' (2.2.7)

where Q denotes the whitening matrix and U is the rotation matrix [6].
For m = n, there are n? unknown_parameters in W. PCA requires the
i diagonal elements of the whitened data covariance matrix C, to be
unity, and due to the symmetry property of C,, it suffices that only
(n® —n)/2 of its off-diagonal terms be zero. Therefore, spatial white-
ness imposes n(n + 1)/2 constraints. This leaves n(n — lj /2 unknown

parameters. The whitening matrix Q can be formulated as:
Q=DE” (2.2.8)

where E is the matrix whose columns are the unit-norm eigenvectors
of the covariance matrix C, = EDET andLD is the diagonal matrix
of the eigenvalues of C,. D3 plays a vital role in E‘{zszL = I and
it is also important to note that the whitening matrix Q is not unique
because it can be pre-multiplied by an orthogonal matrix to obtain
anothér version of Q.

Actually, decorrelation or “no correlation” deals with only SOS and
independénce is a stronger concept because it deals with HOS. Cardoso
in [5] explained that “prewhitening only does half of the BSS job”. |

Fundamentally, ICA relies on two factors: 1) A statistical criterion
expressed in terms of a cost/contrast function J {¥(#)) which requires to

be either minimized or to be maximized, 2) An optimization technique
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to carry out the minimization or maximization of the cost function.
Independent components can be found by nonlinear, non-stationary,
or time delay decorrelation. In depth studies of ICA theories conclude
that the nonlinear decorrelation is a satisfactory way to separate the
independent components and the ‘algorithms are based on the mini-
mization of mutual information, maximization of non-Gaussianity, or
maximization of likelthood. This class of ICA algorithms is derived
from an information theoretic perspective in [62,63]. In most classical
statistical theories random variables are assumed to have a Gaussian
distribution. In the. theory of ICA, as Iﬁentioned above, random vari-
ables are assumed to have a non-Gaussian distribution. Since generally
speech has super-Gaussian distribution or is leptokurtic therefore it
satisfies the ICA theory and independent components in this work are

calculated on the basis of maximization of non-Gaussianity.

2.3 Limitations of SOS/ICA

During the past decade there has been considerable research performed
in the field of convolutive blind source separation (CBSS) [10-26].
Initially, research was aimed at solutions based in the time domain
[16,64,65]. As shown in Figure 1.2, recordings taken in a real room {con-
volutive environment) where the impulse response of the room is on the
order of 1000's of samples in length, a time domain algorithm would be
computationally very expensive to separate the sources [22]. To over-
come this problem, a solution in the frequency domain was proposed.
As convolution in the time domain is equivalent to multiplication in the
frequency domain, then transforming into the frequency domain sim-

plifies the convolutive mixing problem to that of independent complex
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instantaneous mixing operations at each frequency bin. In realization,
care is nhecessary to overcome circular convolution effects [6]. Trans-
fefring into the frequency domain provides two advantages. Initially,
the computational complexity is reduced and secondly, ICA can be ap-
plied at each freqﬁency bin as an instantaneous BSS problem, but the
two indeterminacies, namely the scaling and permutation ambiguities,
inherent to BSS, become more severe.

The main limitations of SOS/ICA are as follows:

¢ Permutation problem: The order in which the uncorrelated/inde-
pendent components are recovered cannot be determined due to
the “blindness” of the problem, i.e. both the mixing matrix and
the sources are unknown [11]. Thus, a change in the order of the
recovered sources also implies a permutation of the corresponding

colums of the mixing matrix.

e Scaling ambiguity: It is not possible to determine the energy of

the original uncorrelated/independent components e.g.

1
x(t) = (—hg)(cesu(£) + D hys;(t) (2.3.1)
Ck -
Jétk
It is clear that the multiplying factor ¢, to the kth source can be

cancelled out by dividing the kth column of the mixing matrix

H by the same factor ¢;. This demonstrates that the sources
can be estimated only up to a scaling constant. However, some

researchers force the estimated sources to have unit variance [11].

e Data length sensitivity: Since SOS/ICA methods are based on

statistical information, they are sensitive to data length, and
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therefore such approaches are unlikely to be applicable to solve

the problem of BSS of moving sources.

The first two ambiguities show that it is not necessary for the sep-

arating matrix W to extract exactly the inverse of the mixing matrix
H. Instead,
W =PAH™! (2.3.2)

where P is a permutation matrix and A is a diagonal matrix to convey
the scaling ambiguity.

In summary, in FDCBSS based on S_OS/ICA1 perfect separation
cannot be achieved without additional information. This is another
motivation for the proposed multimodal methods which not only mit-
igate the above problems but also provide BSS for moving sources, a
substantial step forward towards the solution of the real -cocktail .party
problem.

In the next subsections several recent attempts to overcome the

severe permutation problem in FDCBSS are discussed.

2.3.1 Solutions to the permutation problem

As already mentioned, by transferring the BSS problem from the time
domain to the frequency domain results in more severe permutation am-
biguity. The amplitude (scale) ambiguity can be managed by matrix
normalization [66]. As mentioned above a popular approach to FD-
CBSS problem is based on SOS. One of the more effective frequency
domain BSS algorithms based on SOS by Parra and Spence is men-

tioned in Subsection 2.2.1. Parra and Spence utilized second order

statistics by exploiting the non-stationarity of speech and provided a
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solution to the permutation problem. They performed the separation
in the frequency domain and used a multiple decorrelation approach
based upon a gradient descent algorithm [60] to estimate the mix-
ing/unmixing matrix. The non-stationarity of speech is exploited to
diagonalize simultaneously the covariance matrices estimated at each
time interval. The solution to the permutation problem is proposed by
imposing a smoothness constraint on the unmixing filters. The smooth-
ing essentially forces the frequency bins to align and is achieved by con-
straining the filter length in the time domain to be mﬁch less than the
size of the DFT (discrete Fourier transform). Restricting the length bf
the filter in the time domain forces the solutions in the frequency do-
main to be continuous or smooth. However, it has been shown in [67,68]
that Parra’s method failed to align all the permutations when used in
a realistic envirqnment.

Sawada et al. [69] proposed a method to solve the permutation prob-
lem by integrating two known approaches, direction of arrival (DOA)
and inter-frequency correlation of signal envelopes. They used a combi-
nation of the natural gradient and information maximization algorithms
to perform the initial speech separation then aligned the permutations
in two stages; first to fix the permutations at those frequencies where
the confidence of the DOA approach is high and secondly to decide the
permutations for the remaining frequencies based on neighboring cor-
relations without changing those fixed by the DOA method. A method
for DOA estimation for more than two sources is also proposed, and by
exploiting the harmonic structure of the signal they were able to align
the permutations at low frequencies where it is difficult to estimate the

DOAs [69].
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Ikram and Morgan [68] provided an in-depth discussion of permuta-
tion inconsistency. They used prior knowledge of the mixing filters to
‘derive ideal beﬁchmarks of signal-to-interference ratio (SIR) improve-
ments by comparing the SIR of individual sources and decide whether
or not to manually rearrange the permutations based on the compar-
ison. Based on the solution to the permutation problem suggested by
Parra and Spence [19], Ikram and Morgan [68] show that as the length
of the unmixing filter increases to represent real room conditions, the
SIR becomes worse. A solution to overcome this drawback is proposed
in the form of a multistage algorithm Where the separation is carried
out in multiple stages. The initial mixing stage is followed by several
unmixing stages, with the length of the unmixing filter increasing at
each stage, where the final values of the unmixing matrix obtained at
the previous stage are used as initial values éf the next stage. It was
found that the majority of the permutations aligned in the early stages
retained their order during later stages, and there was no overall sig-
nificant increase in computational complexity as the optimum number
of stages was found to be.two.

In multimodal methods presented iﬁ this thesis, visual information
is exploited not only to solve the permutation problem in SOS and ICA
based BSS algorithms but also provide the BSS solution for moving
SQUICes.

Now SOS and ICA based BSS methods, including the limitations
with existing sol_utibns, havga been reviewed, objective and subjective

performance measures employed to evaluate BSS in this thesis are de-

fined in the next section.
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2.4 Performance measures used in this study

Objective and subjective 'performance measures for evaluation of sepa-
ration are used in this work. In BSS, the objective evaluation is possible
only if true system parameters are known. The performaﬁce index (PI)
is & dominant performance measure in BSS. PI and its variants (also
applicable to the under-determined case) measure the quality of either
the estimated separating matrix or the estimated mixing matrix. The
PI measure in FDCBSS provides the performance at each frequency bin
level. Another classical measure is the mean square error (MSE) and
can be employed to measure the quality of the separation in terms of
the estimated sources. A lower value of these measures indicates good
separation. |

In the context of audio BSS another recently proposed objective
measure [70] is signal-to-interference ratio (SIR) and in contrast to
other measures, increases proportionality with quality of source sepa-
ration. The main limitation of all the above objective evaluations is
the requirement of the true system parameters; which fundamentally,
are not available for use in real BSS applications. Therefore subjec-
tive measures are also proposed. Mean opinion score (MOS) tests for
voice specified by the ITU-T recommendation P.800 provides such a

subjective measure.

2.4.1 Signal-to-interference ratio

The SIR proposed by Vincent et al. [70] is considered as an objective

evaluation measurement in this thesis.

SIR = 101og,, IStargellz 24.1
= 10080 (2.4.1)
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where
Starger = (30, sa)s:/|sil3 (2.4.2)
. Cimg = 3 _ (8, 85)5:/||3;113 (2.4.3)
i :

and Sigrger and sinp represent respectively the source of interest and
interference introduced by the other sources, (§;,s;) = S.r_, 5;(t)s;(t).

The above formulation can also be written as:

Eizleﬁ(wNz“Si(wNz)
D T Hi(w) [ (|s(w)?)

3.

where H;; and H;; represent respectively the diagonal and off-diagonal
elements of the frequency domain mixing filter, and s;(w) is the fre-
quency domain representation of the source of interest. It is important
to be noted that if the sources are mutually orthogonal than it leads
to a large value of SIR, provided good estimates of the sources can be

achieved.

2.4.2 Performance index

The PI [11,71] as a function of the overall system matrix G = WH

can be formulated as:

PIE) = [ (X 2 1)

i (S g D] @

where G, is the tk-th element of G. It is assumed that the number
of sources equals to the number of mixtures. G can be utilized in a

measure, which will be insensitive to permutations and scaling ambi-
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guities. The lower bound value for PI is zero, while the upper bound
value depends on the normalization factor. The lower bound value of
zero means best separation. T‘he motivation for selecting this criterion
is the evaluation of performancé at each frequency bin that highlights
the in depth evaluation of FDCBSS algorithms. All algorithms in this

thesis are also evaluated with this criterion.

2.4.3 Evaluation of permutation

Since the performance index calculated by (2.4.5) is insensitive to per-
mutation, another criterion is introduced for the two sources case which
is sensitive to permutation and shown for the real case for convenience,
i.e. in the case of no permutation, H = W=TIorH= W = [0,1;1,0]
then G = I and in the case of permutation if H = [0,1;1,0] then W = I
and vice versa, therefore, G = [0,1;1,0]. Hence for a permutation free
FDCBSS [abs(G11G22) — abs(G12G21)] > 0. It is highlighted that the

criterion is only tested for the exactly determined case N=M=2.

2.4.4 Mean opinion score

In voice and video communication, whether the experience is a good
or bad one is evaluated on the basis of perceived quality. There is a
numerical method of expressing voice and video quality known as mean
opinion score {MOS). Mean opinion score tests for voice is specified

by the ITU-T recommendation P.800 and the listening-quality scale is

shown in Table 2.1.
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Table 2.1. Listening-quality scale.

| Quality of the speech | Mean Opinion Score
Excellent 5
Good 4
Fair "3
Poor 2
Bad 1

The scores do not need o be whole numbers. Certain thresholds and
limits are often expressed in decimal values. For instance, a value of 4.5
to 5.0 is referred to as a quality which provides complete satisfaction.
To perform the measure a certain number of people hear the separation
results. Each one of them gives a rating from within 1 to 5. Then an
arithmetic mean (average) is calculated which provides Meaﬁ Opinion
Score.

A key component in the proposed multimodal solution to BSS of
moving sources is tracking of speakers. Now a brief overview of nonlin-

car Bayesian filtering (particle filtering) is presented next.

2.5 Overview of nonlinear Bayesian filtering (particle filters)

A classical problem in nonlinear filtering theory is to estimate recur-
sively the state sequence {xz,k € K} of a system, from a noisy obser-
vation sequence {2z, k¥ € K} made on the system.

Let x4(t) evolve according to the dynamic model:
Xp = fh{xp—1, k) + vy (2.5.1)

and the observation sequence z; be related to the state sequence via

the observation model:
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Zp = hk(Xk: k) + ry, (252)

where fi{.) represents the state evolution function and hk.( .) is the ob-
servation function that represents the relationship between the state
and observation sequences. The vectors v,_; and r; are the system
and observation noises respectively.

The state sequence x; is characterized by its probability density
function estimated from a sequence of observations z;. In the sequen-
tial Bayesian filtering framework, the conditional density of the state
sequence given the observations is propagated through prediction and

update stages;

P{Xp|Z14-1) = /p(xklxk—l)p(xk—l|Z1:k—1)dka1 (2.5.3)

The probabilistic model of the state evolution p(x4|x1) is defined in
(2.5.1) with noise vector vi_;. With the availability of measurement z;

at time k, the prior p(xx|z1.4—1) is corrected (updated) via Bayes’ rule

. p(zkka)P(XHZl:kq)

Xip|Z1k) = 2.5.4
p( k| lk) p(zk|zl:kw1) ( )

with the normalization constant
p(zk|zl:k—1) = /.p(zk|ng)p(Xk|Zl;k,_1)dxk (255)

Note the likelihood function p{zg|x;) is defined by the measurement
model {2.5.2) with noise vector ry. The measurement z; is used for the
modification of the prior density to obtain the required posterior density

of the current state and the posterior density p(xk|zi.x) enables the
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computation of an optimal estimate by recursive relations (2.5.3) and
(2.5.4). It is noteworthy, if the state-space formulation is non-Gaussian
then Kalman filter with its general forms is not usually applicable and
particle filters can provide the state estimation [72].

The basic idea of particle filtering is to estimate recursively the
posterior distribution p(xg.x|z1..-1) as in (2.5.3) by a set of samples
(particles) {x¢,n = 1,..., N}, and their associated weights {w,n =
1,..., Np}. The posterior distribution of the state can be represented in

a non-parametric way by using particles drawn from the distribution

p(xo:klzl:k) as:

N,
1 24
P(Xo|Z12) =2 A > 8(xouw — X5y) (2.5.6)
P p=1

where (.)" refers to the n,, particle, 5() is the Dirac delta function,
N, is the number of particles, and have a discrete approximation of
the true posterior. As N, approaches infinity, this discrete formula-
tion will converge to the true posterior distribution depending on the
samples. However, practically this is impossible, since the posterior
distribution p(XO;k|z1;k) is to be estimated and hence is unknown. In
practice, the particles are sampled from a known proposal distribution
q(x0.x|21:) called the importance density and the concept is known as
importance sampling [72] and then p(xg.x|z;.%) is estimated. The dis-

tribution p{xg.x|21.4) can be formulated as:

Np
p(xﬂ:k|zl:k) ~ Zwi?é(xﬂ:k - xSk) (2-5'7)
n=1 :
where
Wl o P(XG|Z1:4) (2.5.8)

Q(Xg:k|zlik)
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and is normalized so that ¥, w} = 1.

Before state &, if p(x%,_lz1.4—1) can be approximated from the
available samples z},_;, then with the arrival of measurement z; at
state k, p(x(..]Z1:) can be approximated with a new set of samples.

The importance density can be factorized as:
Q(xon;k[zi:k) = Q(lexg:k—la Zl:k:)Q(xg;kﬁllzl:k—l) (259)

then new samples x7,. can be obtained from ¢(x3,|21.x) by augmenting
each of the old samples xf,_, from g(x},_,|21.5-1) with the new state
Xy from g(XP|XP.0 1, 21k)-

The pdf p(x};|z1) can be simplified [72] to:

p(XglZ1k) x P(Zklxg)f’(xmxz—l)ﬁ’(x&kal|Zl:k—1) (2.5.10)

By placing (2.5.9) and (2.5.10) in (2.5.8) and if q(kﬂxg_l,zk) =

@{(X}|x5.—1,Z1:4) the weight update equation can be written as:

L PP )
bR (xR )

(2.5.11)

The choice of importance density function is one of the critical issues
in the design of a particle filter and plays‘a critical role in the perfor-
mance [72]. The function should have the same support as the prob-
ability distribution to be approximated, and the approximation will
be better if the importance function is closer to the distribution. The
above mentioned assumption q(x2|x?_,,z;) = g(X} %G 415 Z1:) Means
that the importance density depends only on the previous state x}_,

and current measurement z;, and the path x7,,_; and history of obser-
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vations z;.—; will be discarded. The most popular choice for the prior

importance function is given by

q(xgx%_1,2) = p(x3[x}_;) (2.5.12)

and this particular importance density is applied at every time index

to simplify the weight update equation to:
wy X wp_p{Ze]xE) (2.5.13) .

The importance sampling weight indicates the level of importance of
the cérresponding particle. In the above mentioned sequential itnpor-
tance sampling algorithm, after a few iterations, all but one particle will
have very small weight, this is known as the degeneracy phenomenon.
With a relatively small weight mean the particle is ineffective in calcula-
tion of the posterior distribution. To overcome the degeneracy, residual
resampling can be used for example, which is a scheme that eliminates
the particles with small weights and replicates those with large weights
accordingly [72].

The implementation of the particle filter can then be divided into
two steps:

1. Sampling step: N particles are sampled from the proposal density
formulated by {2.5.12) according to {2.5.1).

2. Computing the particle weights according to (2.5.13), and re-
sampling the particles if necessary.

Based on the weights the conditional mean of x; can then be cal-

culated.
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2.6 Summary

In this chapter an overview of the main BSS techniques has been pro-
vided. Both the generic mixipg and separating models have been pro-
vided to demonstrate instantaneous and convolutive BSS. Two main
statistical techniques of BSS i.e. SOS and ICA has been discussed in
Section 2.2. In Subsection 2.2.1 it has been highlighted that a SOS
based bench marked algorithm [19] which exploits the non?stationarity
of speech can be improved by adopting a multimodal approach. This is
a subject of the next chapter. In Subsection 2.2.2 an HOS based tech-
nique, i.e. ICA has been discussed in detail and a preprocessing step
for ICA has also formulated. Advantages of FDCBSS were mentioned
in Section 2.3 and indeterminacies of SOS/ICA were also discussed
in detail. The solution to the permutation ambiguity with improved
convergence for ICA based FDCBSS, by using a multimodal method, |
was presented in Chapter 4. In Section 2.3 anothef limitation of the
existing BSS techniques (SOS/ICA) i.e. data length requirement, to
extract the statistical information from observed mixtures was high-
lighted. This limits SOS/ICA to solve the BSS for moving sources
(real cocktail party problem). A multimodal method which overcomes
the data length limitation of SOS/ICA and provides an acceptable level
of separat'ion for moving sources is presented in Chapter 6. A key com-
ponent of this method is a 3-D tracker and therefore an overview of

nonlinear Bayesian filtering was provided in Section 2.5.




Chapter 3

A GEOMETRICALLY
CONSTRAINED
MULTIMODAL METHOD
FOR FREQUENCY DOMAIN
CONVOLUTIVE BLIND
SOURCE SEPARATION

In this chapter, a novel constrained multimodal method for convolutive
blind source separation is presented which incorporates video infor-
mation related to geometrical position of both the speakers and the
microphones, and the directionality of the speakers, into the separa-
tion algorithm. The separation is performed in the frequency domain
and the constraints are incorporated through a penalty function-based
formulation. The separation results show a considerable improvement
over traditional frequency domain convolutive BSS systems such as that
developed by Parra and Spence. Importantly, the inherent permutation

problem in the frequency domain BSS is essentially solved.

33
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3.1 Introduction

Many methods have been proposed for convolutive blind source separa- .
tion (CBSS) [10-26]. As mentioned in Chapter 2, in frequency domain
CBSS (FDCBSS) the permutation problem [13,67-69,73| increases ex-
ponentially and is therefore more severe and destructive than for time
domain schemes. In such systems there are generally no priori assump-
tions on the source statistics or the mixing system. On the other hand,
in a multimodal method the video system can capture the positions of
the speakers and the directions they face [41]. The video information
can thereby help to estimate the mixing matrix more accurately and
ultimately increase the separation berformance. Following this idea,
the objective of this work is to use efﬁciently such information in the
enhancement of the separation results.

The solution to the ‘Il)ermutation problem in [19] is proposed by im-
posing a smoothness constraint on the unmixing filters in the frequency
domain and is achieved by limiting the filter length in the time domain
which is itself a constraint. This method has been found only to have
limited success [19]; therefore, in order to solve the above mentioned
problem and also improve the separation, spatial information is used
in this work, indicating the positions and directions of the sources us-
ing the “data” acquired simultaneously by a number of video cameras.
The comparison between the original Parra and Spence [19], Wang et
al. algorithm [74], and the proposed multimodal constrained FDCBSS
algorithms will be presented at the end of the chapter. In the proposed
method the constraints are incorporated through a penalty function-
based formulation.

The rest of the chapter is organized as: in Section 3.2 the geometri-
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cal model is presented, in Sections 3.3 & 3.4 the constrained FDCBSS
method is formulated, in Section 3.5 experimental results are discussed,

and in Section 3.6 the chapter is summarized.

3.2 The geometrical model

The geometrical model is based on visual information captured by the
video cameras. The use of visual speech information is also popular
in current research into speech reéognitiorj and speech enhancement
methods [27,29]. In [27] it has been shown that a speaker’s face in a
noisy environment greatly improves the intelligibility of that person’s
voice. Visual cues, for example, are used to determine who is being
addressed. Colin Cherry’s observed that the human approach to solve
the cocktail party problem exploits visual cues [1,2] and Simon Haykin
in [3] also highlighted the importance of visual information to solve
the cocktail party problem. The following procedure is used to find
the visual information which will be used in the geometrical model

explained in the sequel.

3.2.1 Video camera calibration

Two colour video cameras are used to determine the approximate posi-
tions of the speakers. Both static video cameras were calibrated off line
by the Tsai calibration (non-coplanar) technique [75]. The méthod for
camera calibration recovers the interior orientation (principle distance
[}, the exterior orientation (relationship between a scene-centered co-
ordinates system and a camera-centered coordinate system, the trans-
formation from scene to camera consists of a rotation matrix R and

translation vector t), the power series coeflicients for lenes distortion
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&, and image scale factor p (uncertainty scale factor, due to TV cam-
era scanning and acquisition timing error, for more detail see [75]).
The transformation from real world to image coordinates used in the

calibration process is presented in the following section.

Transformation of coordinates

Real world coordinates z = [z, 2,, 2] can be projected into image
coordinates ¢ € R2, Initially, the corresponding vector in camera coor-

dinates ¢ = [¢,, ¢, |7 is calculated as:
c=Rz+t (3.2.1)

where R is the rotation matrix and t = {t,,%,,%,]7 is a translation
vector. |

Transformation frofn 3-D camera coordinates to ideal (undistorted)
image coordinates u = [u,, u,]” using perspective projection with pin-

hole geometry is achieved with

ue = Lo,
Uy = icy (3.2.2)
Cz

where f is the effective focal length in the appropriate units [75].

Real optical systems suffer from a number of inevitable geometric
distortions. In optical systems made of spherical surfaces, with centers
along the optical axis, a geometric distortion occurs in the radial di-
rection. Electro-optical systems typically have larger distortions than
optical systems made of glass. They also suffer from tangential distor-

tion, which is at a right angle to the vector from the center of the image.
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As for radial distortion, tangential distortion grows with distance from
the center of distortion. For industrial machine vision application, only
radial distortion needs to be considered [75].

The radial lens distortion terms D, and D, formulate the distorted

coordinates in the following manner

g = ug — D,

Ya = Uy — Dy (3.2.3)

where z; and y; are the distorted coordinates on the image plane, and
termed as the true image coordinates in {75].

Where

D, = ya(kar? + kot + ..

r = /22 + y? _ (3.2.4)

as shown in [73].

In practice only one term is needed in the expansions of D, and D,,
therefore only coefficient x; must be found as part of the calibration
process, any more modeling would cause instability [75].

Finally, the 2-D image coordinates ¢ = [14,,]|T take the form:

te = Zap/bpz + X0

by = ﬂ'f'd/fspy + Yo (3.2.5)

where xq and yo define the center of the video frame and d,s, and 6,

define the physical size of the sensor element of the cameras.
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The extracted face of each speaker in the images of both cameras is
transformed to find the real world position of each speaker. The face

extraction in an image is explained in the next subsection.

3.2.2 Face extraction

The face of each speaker is extracted in the images of both cameras
to find the position of each speaker. In each image frame, the face is
extracted on the basis of a skin pixel model and a face model, briefly

the procedure is (for further detail see [76] and [77])

Off line formulation of the skin pixel model:

e A training set of skin regions for different people with varying
skin tones is obtained by manual extraction of the facial regions

within a number of measured frames.

e Each skin region is converted from the RGB colour space into
the normalized 1-g colour space r,g = R,G/(R+ G + B), and
a corresponding pixel in r-g colour space, ie. a two-dimensional

vector, is denoted by I

e A two-dimensional histogram of all the D vectors from the train-
ing set of skin regions is produced. Parameters a; are calculated
which correspond to the relative occurrence of each vector D;

within the training set.

e Vectors which have a value of a; less than some threshold are
considered to correspond to noisy pixels. Such pixels are removed

from the training set.
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¢ The remaining unique vectors D1, ..., D; with their respective a;

where 7 = 1,...,1 are next used to formulate a skin pixel model.

¢ Skin pixel model: A skin pixel model ® = (D; ¥, A) is defined as
®(D) = [D - V]TAD — ¥] (3.2.6)

where (.)7 denotes vector transpose and the parameters ¥ and A

can be calculated as

, .
1
U= > D, (3.2.7)
=1 :
1 i
A=y Yo (Dj = p) (D5 ~ )" (3.2.8)
7j=1
1 l
7=1

e Given threshold @presr, and r-g vector D of a pixel, D is classified
as skin chrominance if (D) < Oy, and as non-skin chromi-

nance otherwise.

Face extraction

¢ Given a measured frame converted to normalized r-g colour space
all candidate face pixels are extracted according to the above skin

pixel model on the basis of a threshold Oitresh.-

o Each significant cluster of candidate face pixels is cross-correlated
with a standard face (which is an averaging of front views of 16
male and female faces wearing no glasses and having no facial

hair}, appropriate processing is used to align the relative sizes of

the two images.
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o The cross-correlation value between the standard face template
and every skin region is calculated. The region which yields max-

imum cross-correlation is chosen as the desired face.

The center of the resultant face region is determined as the approx-
imate position of the lips‘of the speaker in image coordinates ¢. The
image coordinates of each speaker with the calibration parameters f,
R, t, K, p of each camera are passed to the next section to calculate
the position of the speakers in 3-D world coordinates.

This relatively simple approach to face extraction is replaced by
the state-of-the-art Viola-Jones [78] scheme in the final contribution
contained in Chapter 6. In this chapter further details of this scheme

are provided.

3.2.3 Source position in the real world

With the help of the above calibration parameters the approximated 2-
D image information of the same speaker in two different camera views
t = [tz,¢y]7 is transformed to true (distorted) sensor plane coordinates

d = [z4,24)7 8s:

R (32.10)

The ideal (undistorted) sensor plane coordinates u = [uy,u,]" are

~calculated as:

u = d(1 + &;|d|*) (3.2.11)

In 3-D space each point in each camera frame defines a ray. In-
tersection of both rays is found by optimization methods. By having

undistorted sensor plane coordinates u of each speaker in both cam-
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eras with calibration parameters of each camera, the positions of the
speakers z are transformed into 3-D real world coordinates (for detail

see [T9]).

Spesker 1 Speaker 2

Figure 3.1. A two-speaker two-microphone setup for recording within
a reverberant (room) environment; only distances and angles between
sources and microphones are shown.

On the basis of the above calculated 3-D positions of the speakers
and the microphones, the distances between the 7-th microphone and
the j-th speaker d;;, and also the associated signal propagation times
Tij» can be calculated (see Figure 3.1 for a simple two-speaker two-
microphone case). Accordingly, in a homogenous medium such as air,
the attenuation is related to the distances via |

i = % (3.2.12)
i .

where & is a constant repreéenting the attenuation per. unit length in a
homogenous medium. Similarly, 7;; in terms of the number of samples,

is proportional to the sampling frequency f, sound velocity C in air,

" and the distance d;; as:

_ b

Tij = Odij (3.2.13)

which is independent of the directionality. Both f, and C are consid-
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ered constant within each observation interval for a block-based BSS
system. However, in practical situations the speakers’ directions intro-
duce another variable into the attenuation measurement. In the case
of electronic loudspeakers (not humans) the directionality pattern de-
pends 6n the type of loudspeaker. Here, this pattern is approximated
as cos(f;;/r) where r > 2, and has a smaller value for highly directional
speakers and vice versa (an accurate profile can be easily measured us-
ing a sound pressure level (SPL) meter). Therefore, the attenuation
parameters become

Q5 = C—iz’-?cos(ﬂij/r) (3.2.14)

i
I, for simplicity, only the direct path is considered the mixing filter is

expected to have the form :

. ot — 7 a(t—
H(t) = ad( 1) 2d(t — 7a) (3.2.15)
oot — 1) @228(t — 722)

where (°) denotes that this is an estimate/approximation. In the fre-

quency domain and z-domain the above filter has the forms

R alle"jw'rll alze“jw'n?
H(w) = | _ (3.2.16)
QeI gpaeIwT2
. | 112”7 gz 12
H(z) = (3.2.17)

Q212" QT2
2

Although in reality the actual mixing matrix includes the reverber-

ation terms related to the reflection of sounds by the obstacles and
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walls, in such a room environment it will generally contain the direct
path components as in the above equations. Therefore, ﬂ(u) can be
considered as a crude, albeit biased, estimate of the frequency domain

mixing filter matrix.

3.3 The constrained problem

In order to improve separation performance the above visual informa-
tion is integrated into a BSS algorithm [19] in the form of a constraint,
which represents the squared Frobenius norm distance between the un-

mixing filter W{w) and the permuted mixing filter ﬁ(d}) , Le.

Je = [|W(w)=P@)H (@) [} = |lvee(W(w)-PW)H ' @))|} (3.3.1)

where ||.||3 represent respectively, the squared Euclidean norm, vec{.)
converts a matrix argument column-wise into a column vector, and
P{w) is the permutation matrix. Ultimately, the cost function J, has

to be minimized with respect to both W(w) and P{w).

3.4 The overall constrained BSS

In order to achieve the above goal, it is required to minimize jointly J,,
and J. with respect to W{w}, and also minimise J, with respect to the
permutation matrix P(w). The constrained optimization problem can
be changed to an unconstrained one using a penalty function as in [74].

In this case

J(W(w)) = Jn(W(w)) + Mo(W(w) (3.4.1)
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where A is a weighting parameter. W(w) and P(w) are then found by
minimizing the gradients of J and J, respectively with respect to W{w)
and P{w), i.e.

Woplw) = arg min{Jm(W(w)) + M(W(w))} (34.2)

and

Pi(w) = arg mgn{Jc(W(w))} (3.4.3)

Therefore, at each frequency bin w the estimated sources will be
aligned with the input source signals; as one of the major advantages
of this algorithm there will not generally remain any permutation prob-

lem. Consequently, the update equations are obtained as:

W () = W;(w) = 1V (T(W;(w)) (3.4.4)

Pj(w) = Pjw) —n;Vp(J(W;(w))) (3.4.5)

where j is the iteration index, p and # are the learning rates, and

Vs (J(W)) = V- (e (W) + AV (T (W)
K

=2 E(w, k)W (w)Ry(w, k)
k=1

+2A[W(w) — P(w)H(w)] (3.4.6)

and

Ve(J{W)) = —2H"}(w)[W(w) - P()IT""(w)] (34.7)
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Before starting the update process f{‘l(;u) is normalized once using
HYw) — H Y w)/|H Yw)|r where ||.||» denotes the Frobenius norm
and after each iteration W{w) is also normalized. In the case of frac-
tional filters where the distances between the speakers and the micro-
phones are not integer multiples of the sampling interval then [80, 81] |
can be used to estimate firstly the fractional delay and then perform

the BSS process.

Summary Table: Implementation steps for the proposed Multimodal
FDCBSS Method

1. Initialize parameters, N, M, k, T, Q, A, v, Wy{w), fs, C, r,

K, iter. count.
2. Read input miztures, i.e., time samples x(t;).

8. Calculate the distances di; and angle of arrivals 8;; between the

speakers and the microphones on the basis of video information.

4. Calculate the propagation time 7; using (3.2.13) and attenuation
ay; using (3.2.14), on the basis of dy, v, &, 0y, fs, C.

5. Find the estimate of miring filter H(w) using (3.2.3).
6. Normalized H(w) — H(w)/|H()|r
7. Calculate the cross-power spectrum matriz:

- Convert x(ty) to x{w,ty).

- Calculate Ry(w, ;) using (2.2.1).

8. Calculate the cost function and update gradient:
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- FOR i =1 to iter. count.
» Update i and 1 using (3.5),
o Update Wii(w) = Wi(w) — i1 Vw(J(Wi(w))) using
(5.4.6) and Pusa(w) = Pulw) =V (J(Wiw))) using
(3.4.7).
e Update T(W(w)) = Jn(W(w))+AJ.(W(w)) using (2.2.2)
and (3.3.1). |

o if ((W(w)) > Ji1(W(w))) break.

- END FOR.
9. Calculate y{w, 1) according to (2.1.9).
10. Reconstruct the time domain signals y(t,) = IDFT(Y (w, ).

11. Cdleulate Performance Indez (PI) (2.4.2) and Evaluate Permu-
tation labs(G11Ga2) - abs(G12Ga1)] > 0.

12. Calculate the Signal-to-Interference Ratio (SIR) (2.4.4).

13. End.
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3.5 Experimental results and discussions

The objective of this section is to evaluate the propbsed method in
terms of performance and solution to permutation. The main reason
for the work in frequency domain blind source separation is the convo-
lutive nature of the real world problems. In the proposed method visual
information, presented in the geometric model, is used which is limited
to the direct path between the sensors and the sources. Therefore three
experiments are performed with different positions of the microphones
and the sensors to evaluate the effect of visual modality in the pro-
posed method. The proposed method is not only evaluated but also
the comparison with two SOS based BSS algorithms [19] and [66] is
also provided. The simulations are performed on speech signals gene'r~
ated for a room geometry as illustrated in Figure 3.2. In this chapter,
initially, the algorithms are objectively evaluated based on the gen-
erated room impulse responses and the observed mixture signals are
obtained by convolving the source signals with these room impulse re-
sponses. Finally, the performance on the real room recordings of the
same room geometry are confirmed subjectively by listéning tests and
mean opinion score (MOS) is provided at the end of the section.

The important variables were selected as: FFT length 7" = 1024 and
filter length @ = 512 (half of T7), r = 4, the sampling frequency was

8kHz, size of the room was 5x5x5 m®, and the room impulse duration

was 130ms, A = (.15 and the learning rates i and 7 were gradually
decreased with respect to the iteration index j

0.02

Hi =T =T 1508 (0.98)7 (3.5.1)

-
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Figure 3.2. Plan view of a two-speaker two-microphone layout for
recordings within a reverberant (room) environment. Height of the
room = 5.0m. The objective evaluation of BSS requires the mixing
filter therefore the audio signals are convolved with real room impulse
responses recorded in the illustrated room geometry and real recordings
of the same room geometry were also separated and evaluated subjec-
tively by listening tests. Room impulse response length is 130 ms.

where +y is a constant with v = 0.01.

In the first experiment the positions of the sensors and speak-
ers are Micl = [247,2.50,1.5], Mic2 = [2.53,2.50,1.5), Speaker] =
[1.0,2.0,1.5] and Speaker2 = [3.5,2.0, 1.5]. The resulting performance
indices are shown in Figure 3.3. At higher frequency bins there is less
energy in the mixtures; therefore performance in those bins deterio-
rates. The results of calculating the criterion [abs(G1,Goz) —abs(GraGay)] >

0 for evaluation of permutation for the first experiment are shown in

Figure 3.4.
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Figure 3.3. Performance index at each frequency bin for the observed
mixture signals obtained by convolving the source signals with the room
impulse responses. (a) Parra and Spence algorithm [19], (b) Wang et al.
algorithm [74], and (c¢) multimodal FDCBSS algorithm [66]. A lower
PI refers to a superior method.
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Figure 3.4. Evaluation of permutation in each frequency bin for the
observed mixture signals obtained by convolving the source signals with
the room impulse responses. (a} Parra and Spence algorithm [19], (b)
Wang et al. algorithm [74], and (c) multimodal FDCBSS algorithm [66].
[abs(G11Ga) — abs{G12G21)] > 0 means no permutation.
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In the second experiment only the positions of the speakers are
changed, the Euclidean distance between the speakers and the cen-
ter of the microphones is reduced. Micl = [2.47,2.50,1.5], Mic2 =
12.53,2.50, 1.5], Speakerl = [2.00,1.20, 1.5] and Speaker2 = [3.25,1.20, 1.5).
The resulting performance indices are shown in Figure 3.5, and for this
experiment the permutation is also evaluated on the basis of the crite-

rion mentioned above and the results are shown in Figure 3.6.

—
4]
—

0 100 200 300 -+ 400 500

(b)

Performance Index {PI}

0 100 200 300 400 500

0 100 200 300 400 500
Frequency hin

Figure 3.5. Performance index at each frequency bin for the observed
mixture signals obtained by convolving the source signals with the room
impulse responses. (a) Parra and Spence algorithm [19], (b} Wang et al.
algorithm [74], and (¢) multimodal FDCBSS algorithm [66]. A lower
PI refers to a superior method.
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Figure 3.6. Evaluation of permutation in each frequency bin for the
observed mixture signals obtained by convolving the source signals with
the room impulse responses. (a) Parra and Spence algorithm [19], (b)
Wang et al. algorithm [74], and (¢) multimodal FDCBSS algorithm [66].
[abs((G11Ga2) — abs(G13Gay1)] > 0 means no permutation.

In the third and last experiment the distance between the micro-

phones is reduced to 4cm. Micl = [2.48,2.50, 1.5], Mic2 = [2.52, 2.50, 1.5],

Speakerl = [2.00,1.20,1.5] and Speaker2 = [3.25,1.20,1.5]. The result-
ing performance indices are shown in Figure 3.7, and the evaluation
for permutation on the basis of the criterion mentioned above is shown
in Figure 3.8. Justification for the experiment is that the 'dis_tance be-
tween adjacent microphones should be as large as possible so as not to
yield poor performance at low frequencies and should also be smaller
than half of the minimum wavelength in order to avoid the spatial
aliasing effect. The distance between adjacent microphones should be
round(8.5/2) = 4cm, when the sampling frequency is 8kHz. In Fig-
ure 3.7 the effect of inter-element spacing is suppressed by the reduced

energy in the recorded signals at higher frequency bins.
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Figure 3.7. Performance index at each frequency bin for the observed
mixture signals obtained by convolving the source signals with the room
impulse responses. (a) Parra and Spence algorithm [19], (b) Wang et al.
algorithm [74], and (c) multimodal FDCBSS algorithm [66]. A lower

PI refers to a superior method.
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Figure 3.8. Evaluation of permutation in each frequency bin for the
observed mixture signals obtained by convolving the source signals with
the room impulse responses. (a) Parra and Spence algorithm [19], (b)
Wang et al. algorithm {74}, and {¢) multimodal FDCBSS algorithm [66].

[abs(G11G22) — abs{(G12G21)| > 0 means no permutation.
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Figures 3.3(c), 3.5(c) & 3.7(c} show good performance i.e. close
to zero across the majority of fhe frequency bins since this is due to
the multimodal method. Figures 3.4(c), 3.6(c) & 3.8(c) show that the
multimodal FDCBSS method mitigates permutation. Actually, in uni--
modal BSS no prior assumptions are typically made on the source statis-
tics or the mixing system. On the other hand, in a multimodal method
a video system can capture the approximate positions of the speak-
ers and the directions. Such video information helps to estimate the
unmixing matrices more accurately and ultimately increases the sepa-
ration performance. It is highlighted that the convergence time of the
proposed method and [74] is higher than [19], typically around 20-30%
larger. |

In all the above simulation results it is obvious that by changing
the inter-element spacing between sensors and the speakers can cause
ill-conditioning in the mixing matrix; therefore for a certain frequency
bin, the BSS performance is poor in one experiment and good in an-
other experiment, and is more obvious in the simulation results based
on [19] and [74]. The proposed multimodal method provides better
performance than [19] and [74] but the effect 'is still obvious in some
frequency bins. Therefore an over-determined BSS method is proposed
in Chapter 5 to enhance the separation.

Finally, the SIR (2.4.4) is calculated and results are shown in Table-
3.1, and the results have been confirmed subjéctively by listening tests.

Six people participated in the listening tests and MOS results are shown

in Table-3.2.
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Table 3.1. Comparison of SIR-Improvement between algorithms for
different sets of mixtures.

Algorithms SIR-Tmprovement /dB
Parra’s Method [19] 6.8
Wang et al. Method [74] 9.2
Multimodal FDCBSS Method 9.8

Table 3.2. Subjective evaluation: Mean Opinion Score (MOS) for
separation of real room recordings.

Algorithms Mean Opinton Score
Parra’s Method [19] 3.6
Wang et al. Method [74] 4.0
Multimodal FDCBSS Method 4.1

3.6 Summary

In this chapter a key SOS based FDCBSS algorithm [19] has been
modified by accommodating geometrical information about the sources
in a multimodal BSS method. The location and direction information
has been obtained using a number of cameras and the geometric model.
Camera calibration, face detection, and 2-D image coordinates to 3-D
real world coordinates transformation have been presented in Sections
3.2 & 3.4. The constrained problem has been partially changed to an
unconstrained problem using Lagrange multipliers in Section 3.3. The
results in Section 3.5 show that the modified CBSS system enhances
the performance of the traditional FDCBSS system both objectively
and subjectively. The outcome of this multimodal method paves the

way for establishing a multimodal audio-video system for separation of

speech and music signals.




Chapter 4

A MULTIMODAL METHOD
FOR FREQUENCY DOMAIN
INDEPENDENT
COMPONENT ANALYSIS

AND SEPARATION OF

STATIONARY AND
STEP-WISE MOVING
SOURCES

In this chapter, a novel multimodal method for independent componént
analysis (ICA) of complex valued frequency domain signals is presented
which utilizes video information to provide geometrical description of
both the speakers and the microphones. This geometric information is

incorporated into the initialization of the complex ICA algorithm for

55




Section 4.1.  Introduction 56

each frequency bin. The algorithm is also updated for stepwise moving
sources which exploits the geometric information and permutation free
unmixing matrix of the mixtures of the current block, to initialize Fas-
tICA for separation of stepwise moving sources. The advantages of this
work are that no extra processing is required to solve the permutation
problem separately in the frequency domain BSS nor is postprocessing
required. The separation results show significant improvement in the
performance of the resulting intelligently initialized FastICA method
over conventional FastICA, and also confirm that the proposed algo-
rithm is robust and potentially suitable for real time implementation
for static and stepwise moving sources. It is also highlighted that cer—.
tain fixed point algorithms proposed by Hyvirinen et al., or their con-

strained versions, are not valid for complex valued signals.

4.1 Introduction

BSS of moving sources is a more challenging aspect of solving the cock-
tail party problem [1] and only a few papers have been presented in
this area [82-84}. In [82] BSS for moving sources is performed by us-
ing frequency domain ICA as a blockwise batch algorithm in the first
stage, and the separated signals are refined by post processing using
crosstalk component estimation and non stationary spectral subtrac-
tion in the second stage. The permutation problem is solved by an al-
gorithm based on analytical calculation of null directions. Thus in [82]
source separation is proposed in four stages 1) ICA based block wise
batch algorithm, 2) analytical calculation to solve the permutation, 3)
non stationary spectral subtraction, and 4) cross talk component es-

timation. Fundamentally, the algorithm is not applicable to moving
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sources because ICA is based on fourth order statistics and requires
sufficient data length to obtain accurate HOS estima.tés, which means
the mixing filter should be apﬁroximately fixed in the batch of the data,
therefore it is only applicable to stepwise moving sources. The proposed
method is also applicable to stepwise moving sources and has less com-
putational complexity and better performance. The proposed method
does not require a separate process to solve the permutation problem
or postprocessing for speech enhancement. The proposed method is
justified theoretically as well as practically in this chapter.

The major problem for the moving sources case is the time variant
mixing model which becomes more complicated when the environment
is reverberant. The established unimodal approaches are not suitable
to solve the problem, thercfore a more cognitive approach is required [3]
and therefore a multimodal method is exploited in which FastICA is
initialized in an intelligent way. The permutation problem inherent to
frequency domain blind source separation (FDCBSS) is automatically
solved. Video information can help to estimate the unmixing matrices
more accurately. Following this idea, the objective of this chapter is
to use efficiently such video information to mitigate the permutation
problem and ultimately increase the separation performance. The scal-
ing problem in CBSS is easily solved by matrix normalization (66, 85].
In this method BSS become semiblind by initially expleiting the gbove
mentioned prior geometrical information in initialization of FastICA to
make the process robust and permutation free, and later on with the
help of the unmixing matrix of the previous time block and using the
whitening matrix of the current time block again the FastICA is ini-

tialized in an intelligent way to enhance the convergence properties of
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BSS so that it is potentially suitable for real-time implementation for
stepwise moving sources. As such, the separation matrix is updated for
each time block B; = {t : (j ~ 1)T;, <t < jTp)}, where T} is the time
block size, and 7 represent the block index (j > 1). This intelligent ini-
tialization based FastICA algorithm is more suitable when T is small,
i.e. reduced change in the unmixing matrix will provide a less biased
estimate for initialization, however reduction in 7} is limited by the
data length required for FastICA to converge. Therefore this method
is more robust in the case of stepwise moving sources because the mix-
'ing filter will be fixed at each step and in this chapter the performance
is presented when sources are moving stepwise in a teleconference-like
scenario.

In the following section a fast ﬁxed-point algorithm for complex
valued signals, for which the choice of contrast function is carefully
motivated is discussed. In Section 4.3 the use of spatial information in-
dicating the positions and directions of the sources using data acquired
by a number of video cameras is examined and the proposed intelligent
initialization based FastICA algorithm is discussed. In Section 4.4 the
simulation results, fdr stationary and stepwise moving sources, of real

world data confirm the usefulness of the algorithm. Finally, in Section

4.5 the chapter is summarized.
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4.2 A fast fixed-point algorithm for ICA of complex valued signals

Recently, ICA has become one of the central tools for BSS [6,11,86-92]
(in Chapter 2 ICA is discussed in detail). Actually, in ICA a set of es-
timated source signals 3(w) in {219) are retrieved from their mixtures
based on the assumption of their mutual statistical independence [9,15].
It is important to mention that ICA algorithms ar.e commonly limited
to separate instantaneous linear mixtures but most real world prob-
lems have a cgnvolutive nature. This limitation can be avoided in
FDCBSS because a T-point windowed discrete Fourier transformation
(DFT) converts the real value, broadband, time domain signdl into a
set of complex valued, narrowband, frequency domain signals. There-
fore at each frequency bin ICA is applicable. Hyvirinen and Oja [6,93]
presented a fast fixed point algorithm (FastICA) for the separation of
linearly mixed independent source signals. Unfortunately, these algo-
rithms are not suitable for complex valued signals.

Algorithms for independent component analysis of complex valued
signals are also presented in [94-96); the first two algorithms are com-
putationally more intensive than the last, and no proofs of consistency
are given in either of the references. The use of algorithm [96] in this
work is due to four main reasons: its suitability for complex signals, the
proof of the local consistency of the estimator, more robustness against
outliers and capability of deflationary separation of the independent
component signals. In deflationary separation the components tend to
separate in the order of decreasing non-Gaussianity. In exactly deter-
mined separation, however, it is generally better to use a symmetric
scheme rather than a deflationary approach. In [96] the basic concept

of complex random variables is also provided and the fixed point algo-
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rithm for one unit is derived, and for ease of derivation the algorithm

updates the real and imaginary parts of w{w) separately. The vector

w{w) represents one row of W{w} used to extract a single source.
According to the Lagrange conditions [97], the optima of

E{G(|w" (w)x(w)[*}} under the constraint E{|w (w)x(w)]?} = [[w(w)|?

= 1 are obtained [96] at points where
VE{G(lw" (w)x(w)[)} = BVE{jw" (w)x(w)[*} = 0 (4.2.1)

where 8 € R, E{.} denotes the statistical expectation, (.)¥ Hermitian |
transpose, ||.|| Euclidian norm, |.| absolute value, G(.) is a nonlinear
contrast function, and the gradient denoted by V, is computed with
respect to the real and imaginary parts of w(w) separately.

The Newton method is used to solve this equation for which the

total approximate Jacobian is [96]

J = 2AB{g(Iw" (@)x (@)} + [w¥ (w)x(w) Pg(Iw" (w)x(w) ")} — 8)1
(4.2.2)
which is diagonal and therefore easily invertible, where I denotes the
identify matrix and g{.) and §(.) denote the first and second deriva-
tives of the contrast function. Bingham and Hyvarinen obtainéd the

following approximate Newton iteration:

w(w) « w(w)
E{x(w)(w” (@)x(w)) g(|w" (w)x(w)[*)} - Bw

 E{g([wE (w)x(w)[2) + [wH (w)x(w) P([wH (w)x(w)F)} — B
wi(w)

W (@)l

wlw) — (4.2.3)
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where (.)* denotes the complex conjugate. In the experiments the sta-

tistical expectation is realized as a sample average.

4.2.1 Robustness of contrast function

A good contrast function is one for which the estimator given by the
contrast function is more robust to outliers in the sample values. This
means that single highly erroneous observations dp not have much in-
fluence on the estimator. Using a simple ICA estimation method to
measure non-Gaussianity by kurtosis has a drawback in practice. The
main problem is that the kurtosis is very sensitive to outliers e.g. if
a sample of 1000 values of a random variable, of zero mean and unit
_variance, even contains only one sample equal to 10, then the kurtosis
of that sample will be at least 101/1000 — 3 = 7 which clearly indi-
" cates the single value is likely to make kurtosis large [6]. For zero mean

complex random variables the kurtosis in [95] is defined as:

kurt(y(w)) = E{ly(w)|*} - B{y(w)y* (@)} E{y(w)y"(w)}
~E{y(w)y(w)} E{y" (w)y"(w)}
—E{y(w)y" (W)} E{y" (Wwy(w)} (4.2.4)

however there are in total 2! ways to define the kurtosis [98]. Kurtosis

defined in [99] is used in the referred paper [96], which is defined as:

kurt(y(w)) = E{iy@)|} - 2(E{ly)I*})* - |E{*(@)}I"

E{ly(w)[*} - 3 (4.2.5)
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under the condition that y(w) = w(w)x(w) is white i.e. the real and
imaginary parts are uncorrelated and their variances are equal. The

contrast function defined in [96] is:

Ja(w(w)) = E{G(ly(w))} (4.2.6)

The function used in the experiments of the proposed method G(y(w))
= log (b+ y(w)), is the same as that used in [96] and its derivative is
g(y(w)) = 1/(b+ y(w)), where b in an arbitrary positive constant, em-
pirically b & 0.1 is a reasonable value. The robustness of the estimator

is captured in the slow growth of G, as its argument increases [6].

4.3 Proposed intelligent initialization based FastICA algorithm

4.3.1 Initialization for stationary sources

In the geometrical model (presented in Section 3.2) the actual mixing
matrix H{w) should include the reverberation terms related to the re-
flection of sounds by the obstacles and walls, which are not possible to
capture with the video system. However in such a room environment it
will generally always contain the direct path components as in the equa-
tions in Section 3.2. Therefore, H(w) is considered as a crude biased
estimate of the freqﬁency domain mixing filter matrix, but one which
provides the learning algorithm with a good initialization whilst impor-
tantly avoiding the bias in learning when used as a constraint within
the FDCBSS algorithm as in Section 3.4. |

The position and direction information obta,ined from the video
cameras equipped with a speaker tracking algorithm is automatically

passed to (3.2.13) and (3.2.14) to estimate the ﬂ(w). At the starting

e
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point or the point when speakers move greater than the maximum step
size, I:II(w) is used to initialize the fixed point algorithm [96] for each

frequency bin

Wi(w) = Q@) i(w) (4.3.1)

where Q;{w) is the whitening matrix [6] of the mixtures and suffix 1
stands for the starting point or the point when speakers move greater
than the maximum step size.

Before starting the process H;(w) is normalized once using I:L {w) —
H,(w)/||Hy(w)]|r where ||| denotes the Frobenius norm.

The algorithm convergence depends on the estimate of Hy(w), to
improve accuracy. As will be shown by later simulations, an estimate
of H;(w) obtained from Section 3.2 can result in a good performance

for the proposed algorithm in a moderate reverberant environment.

4.3.2 Initialization when sources are moving in short steps

Since the unmixing matrix calculated by geometrically based initialized
ICA (IIFastICA, initialization described in the above section) is per-
mutation free, therefore H ~ W™, Scaling is not a major issue, and
normalization during learning [66] can mitigate its effect.

For the real room recordings it is practically verified that when the
sources move in small steps, then the inverse of the unmixing matrix
obtained from IIFastICA at previous step j can be considered as a
crude, albeit biased, estimate i.e. I:Ij+1~ R Wj_l, for current step 7+ 1,

and with the whitening matrix calculated from the recorded mixtures




Section 4.3. Proposed intelligent initialization based FastICA algorithm 64

at current step will provide the intelligent initialization as

~

W;n(w) = Qj(w)Hju(w) (4.3.2)
The equivalence between frequency domain blind source separation
and frequency domain adaptive beamforming is already confirmed in

[100]. 1t is highlighted that the whitening matrix Q{w) has strong

impact in such smart initializations.

The above initializations increase the separation performance to-
gether with mitigating the permutation problem. Crucially, in the pro-
posed Intelligently Ini‘tialized FastICA (IIFastICA) method, since the
algorithm essentially fixes the permutation at each frequency bin, there
will be no problem while aligning the estimated sources for reconstruc-
tion in the time domain.

As an initial step, it is usual in ICA approaches to sphere or whiten

the data

z{w) = Qw)x(w) (4.3.3)
Q) = D7 (W)E" () (4.3.4)

where E(w) = {e,(w), ...,e1(w)} is the matrix whose columns are the
unit-norm eigenvectors of the covariance matrix C,(w) = E{x{w)x#(w)} =
E(w)D(w)E” (w) and D(w) = diag(di(w), ..., dx{w))} is the diagonal
matrix of the eigenvalues of C,. Since z is white, i.e., zero mean,
unit variance and with uncorrelated real and imaginary parts of equal
variances, therefore E{z(w)z?(w)} = o and E{z(w)zf (w)} = I, and

D~#(w) plays a vital role in E{z(w)z?(w)} = I.

Next, when sources are at the starting point or the point when
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speakers move greater than the maximu-m step size, the row vectors
of W;(w) obtained from (4.3.1) are used, one-by-one, to initialize the
fixed point algorithm [96] for each frequency bin. Once the sources start
moving within the limit of the maximum step size then similarly, the
row vectors of W;,;{w), obtained from (4.3.2) are used, one-by-one, to
initialize [96] for each frequency bin.

The final update equation to be initialized by a row vector of W {w)
or W, 1{w), for each vector of each frequency bin, by applying (4.3.3),
and by multiplying both sides of (4.2.3) by 8 — E{g{|w"x|?) + |w/ x|?

§lwix|?}}, the fixed point algorithm simplifies as:

Wi () — E{a(w)(wi(w)2())"g(lw: (@) 2())}
—E{g(Iwi(@)"2(@)) + [wi(w) "2(w)]

d(wiw) 2@ F)}wi(w)  (4.35)

wi(w) « M (4.3.6)

lwi (W)l
which importantly eliminates the need to calculate 3.

Since there are M independent components, the other separating
vectors, i.e. wy(w), 1 = 2,-+-, M, are calculated in a similar manner
and than decorrelated in a Gram-Schmidt-like [101] decorrelation i.e.
deflationary orthogonalization scheme. The deflationary orthogonaliza-

tion for the M-th separating vector [6) takes the form

W) = @)= S Bl (187
warlw) — M) (4.3.8)

1w as (@)l
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and W(w) = [wi(w),--- ;WM(W)]H is formulated after separating all
vectors of each frequency bin.

Generally, for determined BSS ﬁroblem, M independent compo-
nents, ie. wi(w), i = 2,--+ | M, are calculated in parallel to obtain
W(w) = [wi(w), -, wu(w)]? for each frequency bin are decorrelated
in a symmetric orthogonalization scheme which is more accurate than a
deflationary orthogonalization in the exactly determined case addressed

in this thesis. The symmetric orthogonalization takes the form [6]

W(w) = W)W (@)W (w)} 3 (4.3.9)
W)
W(w) ol (4.3.10)

Summary Table: Implementation steps for the proposed IIFastiCA al-

gorithm

1. Initialize parameters, N, M, T, Q, ~, f;, C, r, &, b,

Ty, mazimum step size, mazximum count. -
2. Read input miztures, i.e., time samples x(t).

3. Cealculate the distances d;; and angle of arrivals 0;; between the

speakers and the microphones on the basis of video information.

4. Clalculate the propagation time 7;; using (3.2.13) and attenuation
oy using (3.2.14) on the basis of diy, v, &, 8, fs, C.

5. Find the estimate of mizing filter H(w) using (3.2.3).

6. Normalized H(w) — H{w)/|H(w)|r
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7. Cualculate the Intelligent Initialization:

- Calculate Wi(w) using (4.3.1) when sources are at starting

point or speaker move greater than the maximum step size.

- Caleulate W; 1 (w), 7> 1 using ({.5.2), when sources are mov-

ing in small steps.
8. Whiten the data after conversion into the frequency domain:

- Convert x(t) to x{(w) using the DFT.

- Whiten the date z(w) = Q(w)x(w) using (4.3.3), calculate Q(w)
from (4.3.4).

9. Define the non-linear function G and calculate its first and second

derivative g and g’ respectively.
10. Update unmiring matriz:

- FORi=1to M.

- WHILE {min{abs(Vw;(w)}), mazimum count — count) >

0.0001}

o Update each vector of each frequency bin
Wi () = B{(w) (wi(w)"2(w)) g((wi(w) 2() )}
— B{g{(wi()2(w) ) +Iwiw) P2 ) P w3() ) P i)
using (4..9).
o Normalize each veetor wi{w) = To E ;I’ using (4.3.6).
o Do the deflationary orthogonalization of the first vec-
tor (i > 1) using (4.3.7) and normalize each vector

wi(w) = = E;,,,usmg (4.3.8).

e counter = counter + 1
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- END WHILE.

- END FOR.

11. After Separation of all vectors of each frequency bin formulate the

unmizing filter W(w) = [wi1(w), -, wa{w)]¥.
12. Calculmté Wiw) = W{w)Q{w).
13. Calculate y(w) according to (2.1.9).
14. Reconstruct the time domain signals y(t) = IDFT(Y(w)).

15. Calculate Performance Index (PI} (2.4.2) and Evaluate Permu-
tation [abS(Glngg) - abs(G12G21)] > 0.

16. Culculate the Signal-to-Interference Ratio (SIR) (2.4.4).

17. End.




Section 4.4. Experiments and results 69

4.4 Experiments and results

In this section the proposed method is evaluated in two parts, ini-
tially, when the sources are physically stationary and secondly, when

the sources are physically moving stepwise.

4.4.1 Stationary sources

In the experiments which correspond to the environment in Figure 3.2,
the Bingham and Hyvirinen [96] algorithm and the proposed algorithm
were tested lfor real room recordings. The objective evaluation of BSS
requires the mixing filter therefore the audio signals were convolved
with real room impulse responses recorded in the room. The separation
of the real recorded signals is also evaluated subjectively by listening
tests and mean opinion score (MOS) is also provided. The length of the
audio sigﬁals was 10sec. The other important variables were selected as:
FET length T = 1024 and filter length Q = 512 (half of T), r = 4, the
sampling frequency for the recordings was 8KHz, size of the room was
5x5%5 m® and the room impulse duration was 130ms. In the proposed
algorithm G(y) = log(b + y), with b= 0.1,

First the performance is evaluated on the basis of performance in-
dex (PI) (2.4.2). The resulting performance indices are shown in Figure
4.1 which show good perforrﬁance for the proposed algorithm i.e. close
to zero across the majority of the frequency bins. This is due to geo-
metrical information used in the initialization. Both algorithms were
tested at a fixed iteration count of seven, as the proposed algorithm has
converged in this number of iterations. The visual modality therefore

renders the BSS algorithm semiblind and thereby much improves the

resulting performance and rate of convergence.
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Figure 4.1. Performance index at each frequency bin for the Bingham
and Hyvérinen algorithm on the top [96] and the proposed algorithm at
the bottom, audio signals of length 10sec were convolved with recorded
real room impulse responses, iteration count = 7 was fixed. A lower PI
refers to a superior method.

The permutation performance is also evaluated on the basis of the
criterion mentioned in Subsection 2.4.3. In Figure 4.2 the results con-
firm that the proposed algorithm automatically mitigates the permuta-
tion at each frequency bin. Since in Figure 4.2 (bottom) [abs(G11Gag)—
abs(G12Gy1)] > 0 for all frequency bins therefore the multimodal method

provides appropriate solution to the permutation problem.
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Figure 4,2. Evaluation of permutation in each frequency bin for the
Bingham and Hyvdrinen algorithm at the top [96] and the proposed
algorithm at the bottom, audio signals of length 10sec were convolved
with recorded real room impulse responses, iteration count = 7 was
fixed. [abs(G11Ga) — abs(G13Gy;)] > 0 means no permutation.

In contrast, the performance indices and evaluation of permutation
by the original FastICA algbrithm [96] (MATLAB code available on-
line) with random initialization, on the recorded mixtures are shown
in Figure 4.3. Tt is highlighted that thirty-five iterations are required
for the performance level achieved in Figure 4.3(a} with no solution for
permutation as shown in Figure 4.3(b). The permutation problem in
frequency domain BSS degraded the SIR to approximately ze1o on the

recorded mixtures.
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Figure 4.3. (a) Performance index at each frequency bin and (b)
Evaluation of permutation in each frequency bin for Bingham and
Hyvirinen FastICA algorithm [96], audio signals of length 10sec were
~convolved with recorded real room impulse responses, iteration count
= 35 was fixed. A lower PI refers to a better separation and
[abs{(G11Ga2) — abs(G12Ga1)] > 0 means no permutation.

Figure 4.4 confirms the convergence of the underlying cost, i.e.
E{G(|w! x|2)}, within seven iterations for the proposed algorithm. The
results are averaged over all frequency bins. The convergence within

seven iterations with solution for permutation confirms that the pro-

posed algorithm is likely to be robust and suitable for real-time imple-

mentation.
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Figure 4.4, The convergence graph of the cost function of the proposed
algorithm for the audio signals of length 5sec convolved with recorded
real room impulse responses, using contrast function G(y) = log(b+1y);
the results are averaged over all vectors of all frequency bins.

The signal-to-interference ratio (SIR) (2.4.4) was calculated and
comparison of SIR-Improvement between algorithms and the proposed
method for different sets of mixtures is shown in Table 4.1. The pro-

posed ITFastICA provides 4.3dB and 5.1dB SIR—Imprbvement than the
Wenwu et al. Method [74] and Parra’s Method [19] respectively.

Table 4.1. Comparison of SIR-Improvefnent between algorithms and
the proposed method for different sets of mixtures.

Algorithms SIR-Improvement,/dB
Parra’s Method [19] 6.8
FDCBSS [66] 94
Wenwu et al. Method [74] 10.2
IFastICA 14.5

Finally, the proposed method was also evaluated subjectively by

listening, with eight people participated in the tests and MOS is 4.7,

which is very high quality.
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4.4.2 Stepwise moving sources

In this section the proposed I1FastICA technique for moving sources
is cvaluated. The simulations were perfofmed on real recorded speech
signals generated for a room geometry as illustrated in Figure 4.5. The
audio signals were recorded, the estimate of fll(w) was calculated on
the basis of geometrical information obtained from video cameras, and
real room impulse responses were also recorded, when speaker 1 was
at position A and speaker 2 was at position C. The recorded mixtures
were separated with intelligent initialization for starting point (4.3.1)
and PI with solution to permutation was evaluated with the recorded
impulse responses. When the speakers started movement then the posi-
tions of the speakers after each two second interval were marked {room
impulse responses at marked poiﬁts were calculated for PI} and the
same procedure was repeated with the initialization for stepwise mov-
ing sources (4.3.2). The other important parameters were: block length
T, = 2sec, FFT length T = 1024, filter length @ = 512 half of 7" and
50% overlapping was used. The room impulse response duration was
130 ms. Speakerl moved from A to B i.e. 60 degrees counterclockwise
and Speaker2 moved from C to E via D in a back and forth motion i.e.
30 degrees in-total at a speed of 5 deg/sec. The maximum step size was
10 degrees. This could correspond to moving around a circular table
in a tele-conferencing context. To reduce the complexity of the tracker

circular motion is assumed in this work. In the proposed algorithm

G(y) = log(b+y), with b=0.1.
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Figure 4.5. A two-speaker two-microphone layout for recording within
a reverberant (room) environment. Speakers move with the speed of 5
deg/sec. Room impulse response length is 130 ms.

Initially, PI (2.4.2) was calculated and the resulting performance
indices are shown in Figure 4.6. Figure 4.6(a} shows good performance
i.e. close to zero across the majority of the frequency range, since this
is due to the geometrical based initialization (4.3.1). In Figures 4.6(h)

and 4.6{c} the performance is again good but slightly degraded because

the estimates for initialization are slightly more biased as explained in

Subsection 4.3.2,
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Figure 4.6. Performance Index at each frequency bin when (a} Both
- sources are static i.e. speaker 1 at position A and speaker 2 at position
C, (b) One source moved i.e. speaker 1 at position A and speaker
2 moved 10 degrees counterclockwise from position C, and {¢) Both
sources moved i.e. speaker 1 moved 10 degrees counterclockwise from
position A and speaker 2 moved 5 degrees clockwise from position C.
A lower PI refers to a better separation.

Secondly, the permutation performance wag also evaluated. Figure
4.7 confirmed that the proposed algorithm automatically mitigates the
permutations due to the intelligent initializations mentioned in Sections
4.3.1 & 4.3.2, and therefore no additional processing is required. Figures
4.7(a) and 4.7(b) show improved results over 4.7(c) because when both
sources are moving there is more variation in the mixing environment,
in spite of the strong impact of }{w) as mentioned in section 4.3.2 the

initialization is slightly more biased, therefore as explained in the next

paragraph, the algorithimn generally requires more iterations to converge

when sources are moving.
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Figure 4.7. Evaluation of permutation in each frequency bin when
(a) Both sources are static i.e. speaker 1 at position A and speaker 2
at position C, (b} One source moved i.e. speaker 1 at position A and
speaker 2 moved 10 degrees counterclockwise from position C, and ()
Both sources moved i.e. speaker 1 moved 10 degrees counterclockwise
from position A and speaker 2 moved 5 degrees clockwise from position
C. [abs(G11G22) — abs(G12Ga;)] > 0 means no permutation.

Since the convergence rate of any algorithm has a vi_t'al rule for a real

time system. The number of iterations required for the convergence of

the underlying cost, in the proposed IIFastICA algorithm at different

conditions of the sources is shown in Table 4.2. Algorithm [96] is not
applicable for moving sources. The maximum of seven iterations when
both sources are moving confirms that the proposed algorithm is more
suitable for a real-time systerm.

Finally, SIR (2.4.4) was calculated. The separation was performed
at T, = 2 sec, and average SIR-Improvement when both speakers
were stationary was 14 dB, when one speaker was moving 13.5 dB
and when both speakers were moving 12.8 dB. The minimum 12.8 dB

SIR-Improvement again confirmed that no additional postprocessing is
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Table 4.2, Number of iterations required for convergence in the pro-
posed I1FastICA algorithm averaged over all frequency bins under dif-
ferent conditions of the sources.

Sources Condition Iterations | Iterations
| (IIFastICA) ( [96])
Both sources are static 7 35
One source moved g -
Both sources moved 12 -

required which has been confirmed subjectively by listening tests, with

six people participated in the tests and MOS is 4.2.

4.5 Summary

A new multimodal method for FDCBSS, with intelligent initialization
for FastICA, for moving sources has been presented in this chapter.
The advantage of the proposed algorithm was confirmed in simulations
from a real room environment. The location and direction informa-
tion were obtained using a number of cameras and this information
was used in the initialization of the proposed algorithm. The proposed
multimodal method is block-based and the initialization is performed
based on either the geometrical information obtained from tracking or
the BSS results from the previous block. The separation was evaluated
objectively by the p'e.rformance indices with sﬁlution for permutation
at frequency bin level and overall SIR-Improvement at different condi-
tions of sources, and also confirmed subjectively by listening tests. The

outcome of this method is a step towards solving the cocktail party

problem for moving sources by using a cognitive approach.




Chapter 5

EXPLOITING ALL
COMBINATIONS OF
MICROPHONE SENSORS IN
~ OVERDETERMINED
FREQUENCY DOMAIN
BLIND SOURCE
SEPARATION OF SPEECH -

' SIGNALS

In this chapter, based on the multimodal method presented in Chapter
4, a new approach to overdetermined frequency domain blind source
separation (BSS) of speech signals which exploits all combinations of
observations and hence varying inter-microphone spacings is presented.

The observations are divided into subgroups so that conventional fre-

79
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quency domain BSS algorithms can be used. By evaluating the sepa-
ration performance obtained from each group on the basis of approx-
'imately measuring the independence of separated signals, the output
of the group that has the best performance amongst all groups on a
frequency-by-frequency basis is chosen as the overall output. The sep-
arated signals of the overall system are then obtained by transforming
their frequency domain representations into the time domain. Simula-
tion results based on speech signals confirm that the presented approach
has better performance based on the performance index {PI} as com-
pared with a conventional scheme using only one microphone group and

an existing overdetermined frequency domain BSS algorithm.

5.1 Introduction

BSS algorithms are designed to recover unobservable source signals
from observed mixtures with the assumption that the sources are mu-
tually independent. Convolutive BSS algorithms have received much
attention recently since they have more practical applications as com-
pared with instantaneous BSS algorithms [102]. Frequency domain ap-
proaches simplify the convolutive BSS problem into the instantaneous
but complex BSS problem at each frequency bin, thus retaining the
advantages of mathematical simplicity, reduction of the computational
complexify, and fast convergence.

For most classical frequency domain BSS aigorithms, N observed
mixture signals are required and sufficient to recover N source signals.
For conventional convolutive frequency domain BSS algorithms, and it
is also observed in the simulation results of Chapters 3, 4 & 6, in some

frequency bins, the performance is not good, for example, due to the
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ill-conditioning of the mixing matrix, which is related to the positions
of the sources and inter-element microphone spacings (the problem is
more obvious in the experiments of Chapter 3 when positions of the
sources and the sensors were changed). Assuming that a microphone
array which contains N microphones where M > N, i.e., the overde-
termined case, may want to use all these observed signals to attain
a better BSS performance rather than only use N observed signals.
Several overdetermined BSS algorithms have been proposed in recent
years. It is shown in [103] that the unmixing filters of overdetermined
BSS contain much simpler structure, thus are easier extract. Rather
than utilizing all the observed signals simultaneously in the overdeter-
mined BSS algorithms, a principal component analysis (PCA) approach
is performed as a preprocessing in [104] so that the output of PCA can
then be used to extract the source signals by using conventional BSS
algorithms. In the method proposed in [105] different sensors are uti-
lized for different frequency bins: sensors with wide sensor spacings are
used for low frequency bins, and sensors with narrow sensor spacings are

used for a high frequency range. As discussed in [106] for low frequency

bins the methods proposed in [104] and [105] have similar performance,

while the method proposed in [104] is preferred for high frequency bins.
However, the technique proposed in [104] utilizes the PCA preprocess-
ing which is not suitable for online BSS, while the method proposed
in {105] needs carefully designed microphone arrays, which may limit
their application.

Another attractive overdetermined BSS algorithm can be seen in
[107], in which the observations are divided into subgroups and each

group contains N observed signals. Conventional BSS algorithms can
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Figure 5.1. Illustration of the proposed grouping approach in overde-
termined frequency domain blind source separation.

then be used for each group. The overall output of the algorithm is
the average of outputs of all groups. In this chapter therefore a new

overdetermined BSS approach is presented, where groups of observed
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signals obtained from different microphones, with different positions
and hence different inter-element spacings can be obtained for the BSS
solution. Unlike the averaging operation performed in [107], an approx-
imate evaluation of the independence of the separated signals for each
group is performed frequency-by-frequency, and the sepafa,ted signals
of the group with the best performance are chosen as the overall output
of the system. The separated signals of the overall system are obtained
by transforming their frequency domain representations into the time
domain. The implementation of the presented approach is illustrated
in Fig. 5.1, the elements of which will be explained further in the se-
quel. By utilizing such an approach, the ill-conditioning problem for an
individual group of observed signals can be avoided. As will be shown
in the later simulations, the proposed approach has better performance
based on the measurement of the performance index (PI) as compared
with a conventional scheme using only one microphone group and the
averaging approach proposed in [107].

In the following section a fast fixed-point algorithm for complex val-
ued signals based on over determined BSS algorithms is presented. In
Section 5.3 the simulation results confirm the usefulness of the algo-

rithm. Finally, in Section 5.4 the chapter is summarized.

5.2 Algorithm formulation

The time domain mixing (or generative) model and separation model .
are shown in (2.1.2} and (2.1.5) respectively. Using a T-point windowed
discrete Fourier transformation (DI'T), the time domain signal can be
converted into the frequency domain signal as shown in (2.1.7) and

(2.1.9) respectively.
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Many methods have been pI‘OpOSGd. to separate the ohserved signals
in the frequency domain. In this chapter, the ITFastICA algorithm pre-
sented in Chapter 4 is used due to its robust convergence properties and
solution to permutation. The update rule for the unmixing matrix and
the separated signals is the same at each frequency bin.. Initially, the
mixtures are whitened for each frequency bin (4.3.3). In the ITFastICA
algorithm vectors of the unmixing matrix W(w) are updated row by
row as in (4.3.2) and after the first vector all other vectors are decorre-
lated by a deflation scheme based on a, Cram-Schmidt—like decorrelation
(4.3.7).

The nonlinear function G(y) = log(b+y) is used in this work due to
its robust property [108], b is a small positive value and chosen as 0.1.
Similar to all the other frequency domain convolutive BSS algorithms,
the scale ambiguity problem appears at different frequency bins. This
scale ambiguity problem is mitigated by the normalization approach as
discussed in Chapter 3 & 4. In this chapter the performance index (PI)
(2.4.2) which is a measurement of separatibn performance is also used.

In the ITFastICA method, N source signals can be recovered from N
observed signals, i.e., an'exa,ctly determined approach. If the observed
signals satisfy M > N, ie., an overdetermined problem, then Cy
groups of observed signals can be obtained, which carl all be utilized to
recover the original source signals. The performance of BSS obtained
from these groups may be different due to different positions and inter-
clement spacings of the microphones. For a certain frequency bin, the
BSS performance obtained from some groups may be poor, and good
for other groups. The idea of the proposed approémh is to evaluate the

BSS performance of each group at every frequency bin, and choose the
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output of the group with the best performance at each frequency bin

as the overall system output. Assuming K = CJ} ,i.e., K groups of

observed signals are obtained, the assessment of the BSS performance
of each group can be obtained by approximately measuring the inde-
pendence between the separated signals. Obviously, the measurement
of the independence of the separated signals is a function of the sepa-
ration matrix W{w). By denoting the unmixing matrix obtained from
the kth group of observed signals as Wk(w) and J(Wi(w)),k=1,...K
" as the measures of independence, the group with the minimum value

of J(Wy{w)) can be identified as

= a:rgmj;m J(Wi{w)) {(6.2.1)

The output of the overall system at each frequency bin can then be

described as

y{w) = Wiw)x(w) (5.2.2)

where x;(w) is the input vector of the /th group. Asan examplé, if there
are two source signals to be recovered, an approximate assessment of the
independence of two separated signals can be performed by measuring
their coherence function. Assuming at frequency bin w two separated

signal sequences are obtained y;(w) and y,(w)

|1 ()2 (@) s,
kaw = -
W) = o B s (523)

where (-},, denotes the sample average over index n. Second order statis-
tics are used to approximately measure independence as it is robust to

the small sample numbers available in frequency domain BSS.
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It is important to mention thét for the proposed approach, the
computational complexity will be high, especially for large number of
sources and mixtures, since the number of observed signal groups will
be large. For this czjse, all combinations of observationé should not be
used. A simple solution to reduce the computational complexity and
retain the advantages of the proposed approach is to only choose the
groups with different inter-microphone spacings.

In the next section simulations will be performed based on a two
source two observation BSS problem, and the proposed approach with
the criterion formulated in (5.2.3) will be compared with the complex
FastICA algorithm and the approach proposed in [107] to show its
advantages.

Summary Table: Implementation steps for the proposed algorithm

1. Initiolize parameters, N, M, T, Q, =, f., C, r, &, b,

- Ty, marimum count.
2. Calculate the number of groups K = CLy.

3. Read input miztures for each group k, k = 1,...,K ie., time

samples xg(t).
4. Calculate unmizing matriz for each group:

- FORi=1to K.

o Culculate W{w) with ITFastICA.

e Culculate y;{w) according to (2.1.9).

o Calculate J(W;(w)) = \/{i;igz;(;z);f((;?(t)|2>n for each group

by using (5.2.3).

- END FOR.
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5. Find the group [ with minimum value of J(W(w)) using (5.2.1).
6. Calculate y(w} = Wi(w)xi(w) according to (5.2.2).
7. Reconstruct the time domain signals y(t) = IDFT(Y(w)).

8. Calculate Performance Index (PI) according to (2.4.2).
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5.3 Experiments and results

Two simulations are performed in this section. In the first simulation,
a sirﬁulated room and its impulse responses h;;(p) between source j
and sensor ¢ are simulated by an image room [109]. The room size is
set to be 5x5x5 meter® and the reflection coefficient is set to be 0.7
in approximate correspondence with the actual room. The reverbera-.
tion time (RT) of this room is 130ms. Two anechoic 40 second male
speech signals with a sampling frequency of 8«Hz are utilized as source
signals. Four sensors are utilized to show the advantages of the pro-
posed approach. The IIFastICA algorithm is used with a DFT length
of T' = 2048 to implement the BSS algorithm and the criterion formu-
lated in (5.2.3) is used to assess the BSS performance. The positions of
these two sources are set to [4;00 3.50 1.50] and [4.00 1.00 1.50]. The
positions of the four sensors are set to [2.00 2.00 1.50], [2.00 2.04 1.50],
[2.00 2.08 1.50] and [2.00 2.12 1.50] respectively, i.e., the distance be-
tween neighboring sensors is 4cm. The set up of the room can be seen
in Fig 5.2. The setup of the second simulation is the same as that of
the first simulation except the RT is increased to 300ms by changing
the reflection coefficient to 0.9. To evaluate the performance of differ-
ent algorithms, the performance index (PI} (2.4.2) is measured at each
frequency bin.

According to the set up of the simulation, C?, ie., 6 groups of
observed signals are used to run the IIFastICA algorithm independently.
The iteration number of the IIFastICA algoritﬁm is set to be 7. The
average PI measurements over all frequency bins obtained from these 6

groups for, the overdetermined BSS method in [107] and the proposed

approach are shown in Table 1. To show clearly the advantages of
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Figure 5.2. The room set up.

. ' the proposed approach, PI for each frequency bin obtained from the

overdetermined BSS method in {107} and from the proposed approach
for both RT=130ms and RT=300ms room environments are plo.tted in
Fig 5.3. _

Table 1 shows that the averaged PI measurements over all frequency
bins obtained from the proposed approach for both room environments
with 130ms RT and 300ms RT are much smaller {(a smaller value of PI
indicates a better performaﬁce) as compared with those obtained from
individual implementation of the FastICA algorithm and the method
formulated in [107]. The advantages of the proposed approach can also
be seen in Figure 5.3, in that for both room environments, the proposed
approach has a smaller PI at nearly all frequency bins as compared with
the method formulated in [107]. The simulation results indicate that a

better performance of BSS is obtained by using the proposed approach.
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Averaged PI(130ms)

Averaged PI(300ms)

Groupl(z;,z2) 0.146 0.208
Group2(z1, z3) 0.164 0.184
Group3(z,,z4) 0.142 0.209
Groupd(zs, 73) 0.190 0.222
Groupb(zy, z4) 0.164 0.204
Group6(zs, 4) 0.153 0.178
Approach in [107] 0.160 0.201
Proposed approach 0.080 0.101

Table 5.1. Averaged PI measurements of the complex FastICA algo-
rithm, the method in {107] and the proposed approach
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Pl measurement in different frequency bins(RT=130ms, approach in{8])
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Figure 5.3. PI measurements of the method in [107] and the proposed
approach at different frequency bins
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5.4 Summary

A new frequency domain BSS approach exploiting nqn—uniform mi-
crophone spacings has been presented in this chapter. As has been
shown by the simulation results, the proposed approach has better per-
formance from objective measures as corﬁpared with a conventional
scheﬁe using only one microphone group and an existing overdeter-
mined BSS method. This approach has the particular advantage that
the best group is frequency dependent and therefore thé best inter-
element spacing is likely to be chosen.

Now that the initial part of the work on muItimodal methods for
BSS of physically stationary sources has been presented therefore the

following questions remain:

¢ How can multiple moving sources be best detected and tracked

by utilizing audio-visual information?

e How can audio-visual information be incorporated to solve the

BSS of multiple moving sources?

These are answered in the next chapter to form a full BSS solution for

stationary and moving sources.




Chapter 6

A MULTIMODAL SOLUTION
' TO BLIND SOURCE
SEPARATION OF MOVING

SOURCES

A novel multimodal solution is proposed for the problem of blind source
separation (BSS) of moving sources. The challenge of BSS for moving
sources is that the mixing filters are time varying, thus the unmix-
ing filters should also be time varying, which are difficult to calculate
in real time. In the proposed method, the visual modality is utilized
to facilitate the separation for both stationary and moving sources.
The movement of the sources is detected by a 3-D tracker based on
video cameras. Positions and velocities of the sources are obtained
from the 3-D tracker based on a Markov Chain Monte Carlo particle
filter (MCMC-PF), which results in high sampling efficiency. The f‘qll
BSS solution is formed by integrating a frequency domain blind source
separation algorithm and beamforming: if the sources are identified as
stationary for a certain minimum period, a frequency domain BSS algo-
rithm is implemented with an initialization derived from the positions

93
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of the source signals. Once the sources are moving, a beamforming al-
gorithm Which requires no prior statistical knowledge is used to perform
real time speech enhancement and pré;vide separation of the sources.
Experimental results confirm that by utilizing the visual modality, the
proposed algorithm not only improves the performance of the BSS al-
gorithm and mitigates the permutation problem for stationary sources,
" but also provides a good BSS performance for moving sources in a low

reverberant environment.

6.1 Introduction

Most existing BSS algorithms assume that the sources are physically

stationary, i.e., the mixing filters are fixed. All these algorithms are |
based on statistical information extracted from the received mixed
data [11,19,74]. However, in many real applications, the sources may
be moving, for example, a presenter may walk around inside a room. In
such applications, there will generally be insufficient data length avail-
able over which the sources are physically stationary, which limits the
application of these algorithms. Thus BSS methods for moving sources
are very important to solve the cocktail party problem in practice [1].
Only a few papers have been presented in this area [82-84,110-112).
In [82], sources are separated by employing frequency domain ICA using
a block-wise batch algorithm in the first stage, and the separated sig-
nals are refined by postprocessing in the second stage which constitutes
crosstalk component estimation and spectral subtraction. In the case
of [83], they used a framewise on-line algorithm in the time domain.
However, both these two algorithms potentially assume that in a short

period the sources are physically stationary, or the change of the mixing
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filters is very slow, which are very strong constraints. In [84], BSS for

time-variant mixing systems is performed by piecewise linear approxi-

mations. In [111], they used an online PCA algorithm to calculate the

whitening matrix and another online algorithm to calculate the rotation

matrix. However, both algorithms are designed only for instantaneous

source separation, and cannot separate convolutive mixed signals. Fun-

damentally, it ig very difficult to.separate convolutively mixed signals

by utilizing the statistical information only extracted from audio sig- .
nals, and this is not the manner in which humans solve the problem [3]

since they generally use both their ears and eves.

In this work, a multimodal method is therefore proposed by utilizing
not only received linearly mixed signals, but also the video information
obtained from cameras. A video system can capture the approximate
positions and velocities of the speakers, from which the directions and
‘motions, i.e., stationary or moving, of the speakers can be identified. A
source is identified as stationary if its velocity is approximately ZETO fbr
a certain minimum period, so that enough data length can be obtained
for frequency domain BSS algorithms. Furthermore, the direction of
the source signals can also be obtained from the video cameras, and
a geometrically based initialization can then be performed to improve
the performance of the frequency domain BSS algorithm and mitigate
the permutation problem [113]. If the velocity is larger than an upper
bound value, the source is identified as moving. In this case, a beam-
forr;ﬂng method Which_does not need prior statistical information, in
common with the fundamental assumptions in blind source separation,
is used to enhance the signal from one source direction and reduce the

energy received from another source direction, so that source separation
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can be obtained. Although the beamforming approach can only reduce
the signal from a certain direction and the reverberance of the interfer-
ence still exists, it can obtain an acceptable separation performance in a
low reverberation environment. Note that the beamf.orming‘ approach
only depends on the direction of the source signals, and no received
audio data are required, thus an online real time source separation can
be obtained [114].

The chapter is organized as follows: Section 6.2 presents the related
work, Section 6.3 provides the system model, Section 6.4 explains the
tracking process. Section 6.5 describes the source separation by com-
bining frequency domain BSS and beamforming. Experimental results
are provided in Section 6.6 based on real room recordings from our

intelligent office. Finally, in Section 6.7 this chapter is summarized.

6.2 Related work

Most existing BSS algorithms are based on the statistical infermation,
second order statistics (SOS)/ higher order statistics (HOS), extracted
from the recorded data. Such methods are generally not applicable in
CBSS of moving sources due to data length limitations and are therefore
not included in simulation studies with moving sources. In the context
of CBSS of moving sources in a moderate reverberant environment, with
a reverberation time (RT) < 130ms, it is believed that a multimodal
method is necessary which exploits different processing techniques as
a function of the velocity of the speakers. A key component in this
method is the tracking of speakers. Many methods have been proposed
for the tracking of speakers on the basis of audio information, visual

information, or audio-visual fusion [32-40, 42,43, 115-121]. Broadly
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speaking, the diﬂ”erences among the existing approaches arise on the
basis of single-person or multi-person tracking and the type of the sen-
sor conﬁguration used. In most of the works [32,35-37,40,115], on the
basis of simple sensor configuration, either a single person is tracked in a
single-person scene or the current active speaker is tracked in the multi-

person scene. Multi-person tracking has been studied in [42,118-121] |
on the basis of only a single modality, either audio or video. In more
recent works [33,38,39,116] the multi-person tracking problem has been
studied by using the audio-visual sensor coﬁﬁguration. To the best of
my knowledge, the most recent work on tracking, near to the require-
ment in proposed method, is proposed by Gatica-Perez et al. [39]. In
this work a detect beforre track technique is applied, and a small micro-
phone array with multiple uncalibrated cameras with non-overlapping
field of view (FOV) is used for sensor configuration. For detection, au-
dio observations are derived from a source localization algorithm and
visual observations are based on models of the shape and spatial struc-
ture of human heads. For tracking, a 2-D tracker in the image plane
is implemented with an MCMC-PF. In this case, for source separation,
3-D positions of the spea,kérs are required to handle complicated human
motions. Therefore, initially, video cameras should be calibrated [75]'
and have overlapping FOVs, because at least two cameras are required
for conversion of 2-D image co-ordinates to 3-D real world coordinates.
Secondly, it is computationally better to use one 3-D tracker rather
than two 2-D trackers. Finally, audio localization is not effective due
to the complexity in the case of multiple concurrent speakers. In [122]
source localization based on binaural cues is proposed and cue selec-

tion is based on the results of a number of psychophysical studies. A
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modeling mechanism is proposed and the implementation in real room
environment is itself a task. Localization for a single active speaker
based only on audio is also difficult because human speech is an inter-
mittent signal and contains much of its energy in the low-frequency bins
where spatial discrimination is imprecise, and locations estimated only
by audio are also affected by noise and room reverberations [29]. In [29]
the tracker proposed in [39] is implemented for speech enhancement and
the simulation results confirm that for stationary speakers and overlap-
i:)ing speech utterances the audio-visual localization improves by 2cm
and 3om respectively as compared to using only visual information.
McCowan in [30] proposed that any time when the distance between
the tracked speaker location and the focus location of the beamformer
excéeds Sem, the beamformer channel filters should be recalculated, so
practically there is no significant improvement by integrating audio lo-
calization. In other recent works [42,43] only audio information is used.
In [43] particle filtering is used for acoustic source localization and it is
assumed that a single acoustic source with known speed of wave prop-
agation is present in a reverberant environment. In [42] time difference
of arrival (TDOA) estimation and localization of moving speakers is
proposed which distinguish individual speakers in a multipath environ-
ment by associating one TDOA per frame to the predominant speaker.
In the situation when speakers are simultaneously speaking and mov-
ing, both the above methods have limitations. In [123] joint acoustic
source localization and orientation estimation using sequential monte
. carlo is presented and it is also highlighted in the paper that in a sit-
uation where only one microphone pair (sensor configuration used in

this work) provides measurements then the performance is predictably
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poorer. Therefore, in the proposed method the speakers are tracked by
using only visual information motivated by Colin Cherry's observation
that the human approach to solve the cocktail party problem exploits
visual cues [1,2]. In the application environment, an intelligent of-
fice, the cameras also benefit {rom being mounted above the height of
a human and thereby make it easier to discriminate sources in close
spatial proximity. In the proposed method, the source localization is
performed by using the state-of-the-art Viola-Jones face detector [78].
The 3-D visual tracker is implemented with an MCMC-PF which re-
sults in high sampling efficiency. It is stressed that the doma.in of the
proposed method in this chapter lies in system integration and the main
contribution is to provide the proof of the concept for CBSS of moving
sources. The areas of detection and tracking are disciplines in their
own rights and in this chapter recent results from these fields to pro-
vide geometric information to facilitate a novel multimodal method to
CBSS are simply exploited. The output of the tracking is position and
velocity information, on the basis of which source separation is divided
into two parts to provide the full BSS solution. As will be shown in
later simulations, the proposed method can provide a reasonable BSS
performance for moving sources in a low reverberant environment in

which the RT is 130ms. The system model is described next.

6.3 The system model

The proposed method can be divided into two stages: human tracking
to obtain position and velocity information; and source separation by
utilizing the position and velocity information based on frequency do-

main BSS or beamforming. The schematic diagram of the system is
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shown in Figure 6.1.

For the localization of the sources two fully calibrated colour video
cameras are used to determine the approximate positions of the speak-
ers. Both cameras are calibrated by the Tsai calibration (non-coplanar)
technique 75| and synchronized by the external hardware trigger mod-
ule and frames are captured at the rate of f, = 25 frames/sec, which
means T, = 1/ 25séc. The face of each speaker is extracted in the im-
ages of both cameras to find the’poéition of each speaker 7 at each state
(time) k. In each image frame, the face can be extracted by the state-
of-the-art Viola-Jones face detector [78]. It is highlighted that for this
proof of concept work it is assumed that the full face of a speaker is
clearly visible and a simple geometric visual cue, i.e. the center of the
face is available. The machine cocktail party problem is very challeng-
ing and this work is only to approach the ability of a human to solve
this task. It is easy to contrive situations where a human would fail in
this task and these are beyond the scope of this Wofk. Further details
are in Subsection 6.4.2.

It is common in many science and engineering situations to estimate
the hidden state of a system that changes over time using a sequence
of noisy observations made on the system. Normally, the state-space
approach, which focuses attention on the state vector of the system,
is adopted for modeling a dynamic system. In this approach the 3-
D location of each speaker is estimated by using the Bayesian mul-
tispeaker state space approach. The 3-D multispeaker observation is
defined as Z1.x = {Z11:k, <+, Zin 16} Where Z; 1., Tepresents the observa-
tions of speaker ¢ and the multispeaker state configuration is defined as

Xk = {X1,2k s X} The filtering distribution of states given ob-
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Figure 6.1. System block diagram: Video localization is based on
state-of-the-art Viola-Jones face detector (78], two fully calibrated
colour video cameras are used to determine the approximate 2-D po-
sitions of the speakers. The 2-D image information of the two video
cameras is converted to 3-D world co-ordinates through the calibration
parameters and optimization method. The approximated 3-D loca-
tions are fed to the visual-tracker, and on the basis of estimated 3-D
real world position and velocity from the tracking, the sources are sepa-
rated either by beamforming or by intelligently initializing the FastICA
algorithm.
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servations p(Xy|Z1.) is recursively approximated using a Markov Chain

Monte Carlo (MCMC) particle filter and the algorithm is explained in

Section 6.4.

After estimating the 3-D position of each speaker the velocity infor-
mation is extracted, if the sources are physically stationary for a certain
period Ty, then the positions of the speakers are incorplorated within
the Intelligently Initialized FastICA (I1FastICA) algorithm otherwise

they are used within the beamformer to obtain the source separation

for stationary or moving sources. The details of the beamformer and.

TIFastICA are explained in Section 6.5. The 3-D visual tracker in-
cluding state model, measurement model and sampling mechanism is

explained in the following section.

6.4 3-D visual tracker

The most suitable candidate for a 3-D mﬁltispeaker visual tracker is
a particle filter because the probabilistic state-space formulation {non-
Gaussian) and the requirement for the update of information on receipt
of new measurements are ideally suitable for the Bayesian approach,
which provides a rigorous general framework for dynamic state estima-
tion problems. In the Bayesian approach to stochastic state estima-
tion, the idea is to construct the posterior probability density function
{pdf) of the state based on all the available information, including the
received observations. Since such a pdf contains all the available sta-
tistical information, it can be considered to be the complete solution
to the estimation problem. |

For many problems, some sort of recursive processing is required in

that at each time an observation is received, an estimate is required
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based on that observation. This may be achieved by the use of a re-
cursive filter. Essentially, such a filter comprises prediction and update
stages. During the prediction stage, the state pdf is predicied using
the state model. Since the state is usually subject to some unknown
disturbances (modelled as random noise), prediction generally deforms
the state pdf. The predicted pdf, resulting from the prediction stage, is
modified by the latest observation during the update stage. The updé,te
operation is achieved through Bayes’ rule. The advantage of this re-
cursive filtering is that the received data can be prdcessed sequentially
rather than as a batch. The posterior density p(Xy|Z).x) is recursively

calculated by Bayes’ rule according to:

p(Xe|Zy:x) Ocp(ZkIXk)/p(XkIXk—l)p(Xk—lle:k—l)dxkf.l (6.4.1)

where p(X;|X-.1) denotes the multispeaker state model and p(Z;|X;)
represents the multispeaker measurement model. In general, no closed-
form solution exists for (6.4.1) although these recursions can be ap-
proximated by Monte Carlo simulations of a set of particles having
associated discrete probability mass and the generic particle filter is
described in Section 2.5. A particle filter recursively approximates the
filtering distribution p(Xi|Zy) by a weighted set of N, particles at
time k, {Xﬁ,w}:}ﬁl, by using the weighted particles at the previous
time-step k — 1, {Xz_l,w,’c‘_l}t ;» and the new update will be

Np

P(Xe|Zyx) = K™ 'p(Zg| X) Zw2_1p(xk|XE-1) (64.2)

n=1

where & is a normalization constant, (.)* refers to the ny, particle,
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and Np is the number of particles, so that a discrete approximation of
the true posterior can be calculated. As N, approaches infinity, this
discrete approximation can converge to actual distribution depending
oﬁ the sarﬁphng mechanism, discussed in the sequel.

The three important items of the probabilistic multispeaker 3-D
visual tracker, the state model, the measuement likelihood model and
the MCMC-sampling mechanism are formulated in the following three

subsections.

6.4.1 State model

There are several state models that can be used to represent the state
transition. Tn {124] the random walk model is used, another model
which is shownrto work well, to represent the time—varying location of
a speaker in a typical room [124,125], is the Langevin model {126}, also
used in [34,40,43]. The motion of the speakers in each of the Cartesian

coordinates is assumed to be independent in this state model. In the

z—coordinate this motion is described as:

S.Ck =am:bk,1 —+ bmF_fc

Tp==p_1+ ATz,

ag=e =BT

br=v,4/1— a2 (6.4.3)

where the thermal excitation process F} is a normally distributed ran-
dom variable i.e. N'(0,1), and AT = 1/f,. The other model param-

eters suggested by [34] are 8, = 10sec™?, and v, = 100cmsec™!. The
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dynamics and parameters for the other Cartesian coordinates are the
same. |
The above state model which includes independent single speaker

dynamics is formulated for the multispeaker state model as:
P(Xil X1} o [ [ (Kl Xi 1) (6.4.4)

where p(X; x| X;x-1) denotes the dynamics for speaker ¢. It is high-

lighted that p(X|Xy-1) can be factorized for individual speaker.

6.4.2 Measurement model

Visual measurements used in this work are based on the Viola-Jones
face detector. The Viola-Jones face detector [78] yields good perfor-.
mance and detects faces extremely rapidly, by using a boosted cascade
of features. It is a cascade of strong classifiers, each slightly more com-
plex than the last. The input images are sub-sampled at multiple scales
and locations to form the sub-windows for the faces to be detected.
Face detection is performed in three stages. Initially, to minimize the
eflect of illuminations, the variance of all sub-windows are normalized.
Secondly, the cascade of classifiers makes a decision based on the sub-
window. Finally, to merge the overlapping face candidates around each
face and output the final results the post processing method is used. A
sub-window is detected as a face if it successfully passed all strong clas-
sifiers. If any classifier fails a sub-window then no further processing is
required on that window, detailed formulation is available in [78].

The center of the detected face is determined as the approximate

position of the lips of the speaker in image coordinates L= [@k, 'y.i,k]T,
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‘where c represents the number of cameras ¢ = 1,2. In 3-D space each
point in each camera frame defines a ray. Intersection of both rays is
found by optimization methods, which finally help in calculation of the
positions Z; of the speakers in 3-D real world coordinates [79].

The multispeaker measurement model can be factorized in terms of

individual speakers as:
P(ZelXx) = [ [ P(Zis|Xin) (6.4.5)

where p(Z; | X; ) is the observation model for speaker ¢ and is calcu-

lated as:

— (6.4.6)

1Z:x — X 417
P(ZislXeg) o exp (_ 124 = X3, 1P
where X;k denotes a vector formed from the 3-D position components

of the state vector and o is a standard deviation parameter chosen

empirically, typically unity.

6.4.3 MCMC-sampling mechanism

In the 1990s MCMGC-based methods attracted great attention among
researchers in the Bayesian community [127]. The advantage over alter-
native approaches is iﬁ the capacity to work with a high-dimensional
space and complex models. It is computationally infeasible to track
multiple objects in the high dimensional space by using an impor-
tance sampling [72] based traditional particle filter [128]. In tracking
the MCMC sampling is a methodology for generating samples from a
Markov chain whose stationary distribution corresponds to a filtering
distribution. In order to efficiently place samples as close as possible to

regions of high likelihood and approximate p(Xy|Z4) in (6.4.2) with




Section 6.4. 3-D visual tracker 107

MCMC techniques, it is important to specifically design a Metropolis-
Hastings (MH) sampler (also known as MCMC sampler) at each time
step [39,129,130]. After running the MCMC sampler for long enough
at each time step the initial part of the run, called the burn in period,
is discarded to achieve a stationary distribution {131]. The key to the
efficiency of the MCMC algorithm rests in the proposal distribution
(discussed in the sequel), in which the configuration of one single ob-
ject is modified at each step of the Markov chain, and each move in the
chain is accepted or rejected by the so. called acceptance ratio a. The

MCMC-based tracking algorithm is summarized as follows:

e Initialize the MCMC sampler: At time k predict the state of each
speaker ¢ for N, particles i.e. {ka};vil from the particle set

at time k — 1 i.e. {X;’:k_l}f; based on the factorized dynamic

model JT, p(Xi X _1)-

¢ B+ N, MCMC Sampling Steps: B and N,, denote the number of

particles in the burn-in period and fair sample sets respectively.

— Randomly select a speaker ¢ from all speakers. This will be

- the speaker proposed to move.

— Sample a new state X7, for only speaker ¢ from the single

speaker proposal density Q(X; ,|X;x).

— Compute the acceptance ratio which involves {6.4.1) for the

evaluation of likelihood for only speaker i:

o mm{ P2y )X 1) QXK | X)X X 1) }
" P(Z ] X 1) QX o XK I (X [ X )
' (6.47)

— Draw g ~ U(u|0,1).




Section 6.4. 3-D visual tracker 108

~ If & > p then accept the move for speaker ¢ and change the
X}y into Xj. Otherwise, reject the move, do not change X

- and copy to the new sample set.

o Discard the first B samples to form the particle set, {X}:}fil, at

time step k.

The output of the 3-D tracker at each state k is the mean estimate

for each speaker i and is calculated as the weighted sum over the as-

Np n o ..n
Lnet W k%5 k

P .n
n=1 ik

sociated particles as X;, = where in this work as in [39]
wiy, = 1/N,. The change in the position of a speaker with respect to
the previous state & — 1 (known as velocity information) also plays a

critical role to decide the method for source separation and is discussed

next.

Discussion on algorithm choice

1. State model {6.4.4) and measurement model (6.4.5) are indepen-
dent in terms of the speakers and therefore can be factorized
into the product of the marginal models for each speaker. In
téle—conferencing applications within an intelligent office, physi-
cal separation in speakers is always likely to be poséible as the
speakers are unlikely to embrace each other and spéakers are also
clearly separable in the 3-D real world coordinates used in this
thesis due in part to the height of the cameras. Therefore, in
this work, there is no requirement to incorporate interaction cues
in the state model. However, the state model could be extended

with an interaction term in future work as in [129].

2. Independent particle filters for all speakers and an MCMC-PF
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are applicable for the requirement of the work in this thesis. In-
dependent SIR-PF for each speaker is the most optimal choice
and is already used in our work [124]. Joint particle filtering suf-
fers from exponential complexity in the number of targets to be
tracked [129). In ]130] it is also mentioned that the joint filter is

not feagible in practice for more than three targets.

. Due to the limitation of importance sampling in high dimensional
state space, Markov Chain Monte Carlo (MCMC) methods are
used, The MCMC method used in this work is based on [129,130]

and has the appealing property that “the filter behaves as a set

of individual particle filters when the targets are not interacting,
but efficiently deals with complicated interactions when targets ap-
proach each other”. The design of proposal density plays an im-
portant role in the success of an MCMC algorithm. Tn [130] a
“One target at a time” scheme is implemented. The proposal

density used is also defined in [39] as
QEX1IXy) =Y QX5 X, 1) (6.4.8)

where a single speaker is first chosen with probability Q(i* = i)
and a move is attempted on ¢ (shown in the algorithm summary)

and the rest of the multi-speaker configuration is left unchanged,
where
* e ]' * n *
Q(Xk|Xk! ! ) & E;p(xim,klximgk_l) H J(Xt,k: - X!,k)

lem—{i*}

(6.4.9)

and X, represents the whole state for all speakers m, and Xy 4
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denotes the sub state for one speaker.

4. The proposal density used in [39] appears not to be properly for-
mulated since it is not properly normalized. This has thus been
modified in (6.4.9). An alternative interpretation of ﬁhe.sampler
using an auxiliary variables approach can fix the problem, and
then does indeed lead to the acceptance ratio of (6.4.7). Further
‘information can be found in Berzuini et al 1997, Golightly and
Wilkinson 2005 and [132]. In realization of the MCMC-PF it is
very important to avoid having degenerate sampling over the joint
target distribution implied by the auxiliary variables app.roach. A
simple additional Gibbs sampling step that moves just the I;re—
vious state Xj_; can be added at each iteration, as described

in [133], to ensure that degeneracy is avoided.

5. Tracking results for independent particle filters for all Speakeré
and an MCMC-PF are provided in Section-6.6. The numbers of
particles used are 1000 and 600+200 respectively for independent
SIR-PFs and MCMC-PF. Results show no significant difference
(based on Euclidean error} but MCMC-PF reduces the computa-
tional complexity in multispeaker tracking. More advanced algo-

rithms with detailed discussion are presented in [132,134].

6.5 Source separation

The audio mixtures from the microphone sensor array are separated
with the help of visual information from the 3-D tracker. On the basis
of this visual information it is decided either the sources should be sep-

arated as moving or stationary. The pseudo code to issue the command
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for selecting the source separation methods is as follows.

Pseudo Code: Command for Selecting the Source Separation Methods

o Reset the counter and set the threshold

o FOR j=2:k
-Find d;; = |1 Xij — Xij1lla

o [F d;; < threshold
-Update the counter
*IF counter > T/ T,
-Command for the FastICA based method
*END IF
-Set Xf',j = Xi,j—l

s FELSE
-Command for the beamforming based method

-Reset the counter
o END IF

e END FOR
THIS CODE WOULD BE USED FOR FACH SPEAKER i.

where T; represents the expected stationary period for the speakers,
Ty = 1/fu, |I.||2 denotes Euclidean norm, and threshold is the mini-
mum distance required for the beamformer channel filters, which should
be recalculated to separate the sources.

When the sources are physically stationary for a certain period T}

the sources are separated with [IFastICA. By changing the value of T}
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the expected required stationary period for the sources can be changed.

The other important parameter to be calculated before starting the
source separation is the angle of arrival of each speaker to the sensor
array. By having the posifion information of the microphones and the
speakers at each state k from the 3-D visual tracker the angle of arrival
8, of speakers relative to the microphone sensor array can be easily
calculated.

With 6, ;, and the control command from the above decision criterion
at each state k, the sources are separated either by beamforming or by

ITFastICA as discussed in the following subsections.

6.5.1 Beamforming based separation

A simple two set beamforming system configuration is shown in Figure
6.2. The equivalence between frequency domain blind source separation

and frequency domain adaptive beamforming (ABF) is already studied

in [100]. In the case of a two microphone sensor array an ABF creates '

only one null towards the jammer. Since the aim is to separate two
source signals s; and s, therefore two sets of ABFs ﬁe presented in
Figure 6.2. An ABF by using filter coefficients wy; and wy, forms a
null directive patterns towards source s; and by using filter coeflicients
W11 and wio forms a null directive patterns towards source s,. If two
speakers are located at the same direction with different distances, it
is not possible to separate the sources by phase difference. One of the
other limitation for the blind source separation is acoustic environment
with the long reverberations, in this work the reverberation time in
the intelligent office is 130msec which will be considered as a fairly

moderate reverberant environment.
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Figure 6.2. Two set beamforming system configuration: (a) Beam-
former for target s, and jammer s; (b} Beamformer for target s, and
jammer Ss

In the intelligent office where the recordings are taken the micro-
phones used are uni-directional. By using a short-time discrete Fourier
transform (DFT) the mixing process can be formulated as follows: hav-
ing M statistically independent real sources s(w) = [s1{w), ..., sar(w)]?
where w denotes discrete normalized frequency, a multichannel FIR fil-
ter H(w) producing N observed mixed signals u(w) = [u3(w), . .., un{w)]?,
where (.)7 is Hermitian transpose, can be described as (it is assumed
that there is no noise or noise can be deemed as a source signal in the

model for simplicity)

u(w) = H(w)s(w) (6.5.1)

and the source separation can be described as
y(w) = W{w)u{w) (6.5.2)

y(w) = ly1{w), ..., yn(w)]¥ contains the estimated sources, and W (w)
is the unmixing filter matrix. An inverse short time Fourier transform

is then used to find the estimated sources §(¢) = y(¢). In this work to




Section 6.5. Source separation : 114

demonstrate the proposed method the exactly determined convolutive

BSS problem ie. N =M = 2.

Figure 6.3. Microphone and source layout

The delay element between source { and sensor k i.e. hy(w) is calcu-

lated by using the angle of arrival information obtained from tracking.
h.’cl(w) = pilh=DdoosiOi)w/e  J ,..N I=1,.M (653)

where d is the distance between the sensors and ¢ is the speed of sound

in air. Then H(w) is formulated as:

hll(w) tee th(w)
H{w) = BERE | (6.5.4)

th(w) L hNM(w)

Ideally, hy(w) should be the sum of all echo paths, but these cannot
all be found, therefore an approximation is used by neglecting the room
reverberations.

The unmixing matrix W{w) for each frequency bin can be approxi-
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mated from beamforming methods. Inrecent years, many beamforming
methods have been proposed, such as the linearly constrained minimum
variance (LCMV) method and the minimum variance distortionless re-.
sponse (MVDR) method [135]. A post filtering approach has also been
utilized to improve these methods [136]. However, the LCMV method
and the MVDR method need estimates of statistical information of the
input or noise signals, which are not accessible in the .context of BSS
for moving sources e.g. for signals with length equal to 0.4sec, FFT
block length 7" = 2048 and sampling frequency f, = 8K Hz, only one
sample would be available at each frequency bin round(0.4f,/T) = 1
therefore it is not possible to calculate the covariance matrix required
in MVDR method and LCMV method. Furthermore, a diffuse noise
field assumption is used in [136], which is not valid in the context of
BSS. The post filter method has been used in [29] to perform speech
enhancement for both stationary and moving cases, however, the model
used in that speech enbancement is a single-input-single-output (SISO)
model, which is'differeﬁt from the multi—linput—multi-output (MIMO)
model in the context of BSS, thus this post filtering approach is also
not suitable for the solution of BSS. To the best of my kno.wledge,
in the context of BSS, only the beamforming approach that is directly
obtained from the inverse of the mixing maprix model has been success-
fully used in [137]. To compensate for noninvertibility of the mixing
matrix, a regularization term is included in [18], in which the beam
pattern obtained from the geometric information is incorporated in the
solution of BSS. Similar to that in [18], the unmixing matrix in this

method is calculated as:
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Wiw) = (H(w)"H(w) + 8I)TH(w)? (6.5.5)

where W{w) = [wi(w), ..., wy(w)], H{w) = [hy(w), ... hx(w)], 4 is a
small positive constant such as 0.01 in the simulations, and [ represents
the identity matrix. |

Finally, by placing W{(w) in {6.5.2) the sources are estimated. Since
the scaling is not a major issue [66] and there is no permutation prob-
lem, therefore the estimated sources can be aligned for reconstruction

in the time domain.

6.5.2 FastlCA based separation

If the sources are stationary for at least two seconds, the sources are
extracted with the help of the estimated H(w) from the above section
and the whitening matrix for the mixtures, as an initialization of the
FastICA algorithm [96]. This approach thereby impfoves the conver-
gence of the algorithm and also increases the separation performance
whilst mitigating the permutation problem. Crucially, in the frequency
domain convolutive BSS (FDCBSS) approach, since the algorithm es-
sentially fixes the permutation at each frequency bin, there will be no
problem while aligning the estimated sources for reconstruction in the
time domain.

Each column of H{w} (6.5.1) is used to initialize the FastICA (pre-

sented in Chapter-4) for each frequency bin.

wi(w) = Q(w)hy(w) (6.5.6)
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Summary Toble: Implementation steps for the proposed method
o Clalibrate the video cameras and calculate calibration parameters.
o Detect the face region in the synchronized frames of both cameras.

o Find the positions of the lips of each speaker from the face regions
in synchronized video frames and calculate the observation of each

speakers Z;y, at each state k in 5-D real world coordinates.

o Implement the 3-D visual tracker and find the estimated position

of each speaker X, ot each state k.

e Culculate angle of arrivals 8, to the sensor array and check
the sources are stationary or moving, important parameters are

threshold, T, and T.

e Incorporate the wvisual information in (6.5.3) and separate the
sources acéom’z'ngly either by beamforming or by the Fast{CA, im-

portant parameters are N, M, d, ¢, 8,5, Q, T.
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6.6 Experiments and results

6.6.1 Data collection

The simulations are performed on real recorded audio-visual signals
generated from a room geometry as illustrated in Figure 6.4. Data
are collected in a 4.6 x 3.5 x 2.5 m® intelligent office. Two out of
eight calibrated colour video cameras (C1 and C2 shown in Figure 6.4)
are utilized to collect the video data. Video cameras are fully syn-
chronized with an external hardware trigger module and frames are
captured at f, = 25Hz with an image size of 640x480 pixels, frames
were down-scaled if it was necessary, and reducing the resolution by
half was a good tradeoff between accuracy and resolution. Both video
cameras have overlapping fields of view. The duration between consec-
utive states is T, = 1/25sec. Audio recordings are taken at f, = 8kHz
and are synchronized manually with video recordings. The distance
between the audio-sensors is d = 4¢m. The other important variables
are selected.as: number of sensors and speakers N = M = 2, number
of particles N, = 600, B = 200, the number of images in the first and
second experiment are k = 525 & 600, which respectively indicate 21 &
24secs of data, T}, = 5sec, threshold = 0.04m, FFT length T = 2048
and filter length @ = 1024, height of the cameras in the intelligent
office is 2.35m, and the room impulse duration is 130ms. In the pro-
posed algorithm the non-linearity for FastICA is Gy} = log(b+y), with
b= 0.1. In the first experiment on tracking, speaker 2 is stationary and

speaker 1 is moving and in the second experiment both speakers ave

moving around & table in a tele-conference scenario.
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Figure 6.4. A two-speaker fwo-ﬁlicrophone layout for recording within
a reverberant (room) environment. Room impulse response length is
130 ms. '

6.6.2 Results and discussion
3-D tracking results

In this section the results obtained from tracking are discussed. Two
experiments are performed to evaluate the 3-D visual tracker. The. faces
of the speakers are detected by using the Viola-Jones face detector [78]
which efficiently detected the faces in the frames shown in Figure 6.5.
Since in the dense environment as shown in Figure 6.5 it is very hard
to detect the lips directly, therefore the center of the detected face
region as the position of the lips in each sequence is approximated.
More sophisticated and computationally efficient schemes could also be
proposed for detecting the face through a sequence of images but the
approach adopted in this chapter is. sufficient to verify the multimodal
CBSS method, the target of this work.
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Figure 6.5. 3-D Tracking results 1: frames of synchronized recordings,
(a) frames of first camera and (b) frames of second camera: the Viola-
Jones face detector [78] efficiently detected the faces in the frames.
The approximate 2-D position of the lips of the speaker in both
synchronized camera frames at each state is converted to 3-D world
coordinates by using the calibration parameters [75] and the optimiza-
tion method [79]. With this measurement the particle filter is updated.

The number of particles in both experiments for MCMC-PF was the
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same N, = 600, B = 200, for SIR-PF was N, = 1000 and results were
obtained using single runs.

In the first experiment speaker 2 is stationary and speaker 1 is
moving around the table so the tracking results of the speaker 1 are
discussed in detail in this experiment. The sampling importance re-
sampling particle filer (SIR-PF) is also suitable for this case as used in
our work [124]. In the second experiment both speakers are simultane-
ously moving and their motion is more complicated as they cross over.
MCMC-PF is suitable for multispeaker tracking because it improves
the sampling efficiency with approximately the same computational
cost of the Generic-PF. In both experiments SIR-PF and MCMC-PF
are used. The gait of the speakers is not smooth and the speakers are
also stationary for a while at some points during walking around the
table which provides a good test for the evaluation of the 3-D tracker
as well as for source septation methods, and this is also clear in the 3-D

tracking results shown in Figures 6.6, 6.7, 6.8 & 6.9.

Measurements source 1
Tracked positions source 1

400
]

300 4

-100

=120

60
y(em) -140 50

x (am)

Figure 6.6. 3-D Tracking results 1: SIR-PF based 3-D tracking
of speaker 1 while walking around the table in the intelligent office.
Speaker 2 is physically stationary in this experiment.
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Figure 6.7. 3-D Tracking results 1: MCMC-PF based 3-D tracking
of speaker 1 while walking around the table in the intelligent office.
Speaker 2 is physically stationary in this experiment.

Measurements source 1
Tracked positions source 1
Measurements source 2

400 = Tracked positions source 2

-300" 0
Figure 6.8. 3-D Tracking results 2: SIR-PF based 3-D tracking of the
speakers while walking around the table in the intelligent office.

In order to view the tracking results in more detail, the tracking
results are plotted in the xy and z axes separately. Figures 6.10, 6.10,
6.12 & 6.13 clearly show that tracking result has removed much of the
measurement uncertainty and later in this section the error in detection

for the particle filter will be quantified. The benefit of the true 3-
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Figure 6.9. 3-D Tracking results 2: MCMC-PF based 3-D tracking of
the speakers while walking around the table in the intelligent office.

D tracker is clearly shown in Figure 6.13. In particular. although the

speakers would approximately coallese in the 2-D image plane, they are

clearly separable in the 3-D real world coordinates due in part to the

height of the cameras. In 2-D tracking in the image plane this problem

cannot be avoided. The error bars for particle filters at different states

are also plotted in these results. It is highlighted that the error bars

would appear as 3D surfaces in the pseudo-3D plots and would make

the plots cluttered if they were displayed. However, the behavior of the

error ellipses on the 2D plots gives a clear indication as to how 3D ervor

bar surfaces would appear on the 3D plots.
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Figure 6.10. 3-D ‘Tracking results 1: SIR-PF based tracking of the
speaker 1 in the x and y-axis, while walking around the table in the
intelligent office. Speaker 2 is physically stationary in this experiment.
The result provides more in depth view in the x and y-axis.
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Figure 6.11. 3-D Tracking results 1: MCMC-PF based tracking of
the speaker 1 in the x and y-axis, while walking around the table in the
intelligent office. Speaker 2 is physically stationary in this experiment.
The result provides more in depth view in the x and y-axis.
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Figure 6.12. 3-D Tracking results 2: SIR-PF based tracking of the
speakers in the x and y-axis, while walking around the table in the
intelligent office. The result provides more in depth view in the x and
y-axis.
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Figure 6.13. 3-D Tracking results 2: MCMC-PF based tracking of
the speakers in the x and y-axis, while walking around the table in the
intelligent office. The result provides more in depth view in the x and
y-axis.
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Actually, the height of the speakers is fixed and during walking only
the movement in the heads will produce minor change which is clear in
Figures 6.14, 6.15, 6.16 & 6.17. Since the speakers and microphones are
approximately at the same level therefore it is assumed that effective
movement is in the xy plane.
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Figure 6.14. 3-D Tracking results 1: SIR-PF based tracking of the
speaker 1 in the z-axis, while walking around the table in the intelligent
office. Speaker 2 is physically stationary in this experiment. The result
confirms that there is very small change in the z-axis with respect to
the x and y-axis.
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Figure 6.15. 3-D Tracking results 1: MCMC-PF based tracking of the
speaker 1 in the z-axis, while walking around the table in the intelligent
office. Speaker 2 is physically stationary in this experiment. The result
confirms that there is very small change in the z-axis with respect to

the x and y-axis.
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Figure 6.16. 3-D Tracking results 2: SIR-PF based tracking of the
speakers in the z-axis. while walking around the table in the intelligent
office. The result confirms that there is very small change in the z-axis
with respect to the x and y-axis.
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Figure 6.17. 3-D Tracking results 2: MCMC-PF based tracking of the
speakers in the z-axis, while walking around the table in the intelligent
office. The result confirms that there is very small change in the z-axis
with respect to the x and y-axis.

In order to evaluate the performance of the tracker as in [29], the
Euclidean distance to the frame-based ground truth is generated at each
state. To calculate the ground truth, this time consuming manual task
is performed by annotating the mouth position of each speaker in each
camera frame. Figures 6.18, 6.19 6.20 & 6.21 provide the Euclidean
error at each state for both experiments. In the first experiment the
mean error is 0.05m and standard deviation is 0.03m. In the second

experiment the mean error is 0.055m and standard deviation is 0.032m

which confirm the good performance of the tracker.
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Figure 6.18. 3-D Tracking results 1: SIR-PF based tracking of the
speaker 1. Speaker 2 is physically stationary. Euclidean error is cal-
culated against manually annotated frame-based ground truths in each
camera plane of speaker 1.
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Figure 6.19. 3-D Tracking results 1: MCMC-PF based tracking of
the speaker 1. Speaker 2 is physically stationary. Euclidean error is
calculated against manually annotated frame-based ground truths in
each camera plane of speaker 1.

Angle of arrival results

The calculated position of the center of the microphones in experiment

1 is [—0.08, —0.22,1.62]"m, the position of speaker 2 is
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Figure 6.20. 3-D Tracking results 2: SIR-PF based tracking of the
speakers. Euclidean error is calculated against manually annotated

frame-based ground truths in each camera plane of the speakers.
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Figure 6.21. 3-D Tracking results 2: MCMC-PF based tracking of
the speakers. Euclidean error is calculated against manually annotated
frame-based ground truths in each camera plane of the speakers.

[0.94,0.59, 1.63]T'm (the reference point in the room is under the table,
close to the microphones) and the tracked position of speaker 1 in states
k= 1:525 is shown in Figure 6.11. The angle of arrival of speaker 2

is 128 degree and the angles of arrivals of the speaker 1 are shown in

Figure 6.22. The calculated position of the center of the microphones
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in experiment 2 is [—0.50, —0.94, 1.60]"m. The angle of arrivals of both
speakers are shown in Figure 6.23. In the results of both experiments it
is found that the effective movement of the speakers were in the x-axis
and y-axis therefore the effective change in the angle of arrival was only

in the xy plane.
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Figure 6.22. Angle of arrival results 1: Angle of arrival of speaker 1
relative to the sensor array. Speaker 2 is physically stationary in this
experiment. The estimated angle before tracking and corrected angle
by MCMC-PF are shown. The change in angle is not smooth because
of the gait of the speaker.

Now a successful tracker is available to provide the required ge-
ometric information to perform multimodal blind source separation.

Therelore simulations on BSS are discussed next.
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Figure 6.23. Angle of arrival results: Angle of arrival of the speakers
to the sensor array. The estimated angle before tracking and corrected
angle by MCMC-PF are shown.

BSS results

The objective evaluation of BSS is limited by the requirement of the
mixing filter therefore for such testing the audio signals are convolved
with real room impulse responses recorded in certain positions of the
room. The separation of the real recorded signals in the intelligent of-
fice is evaluated subjectively by listening tests and mean opinion scores
(MQOSs) are provided at the end. In the context of objective evalua-
tion, termed moving source test (MST), it is assumed that the moving
sources remain static over a particular time interval less than 0.5sec.
The justification is that over this interval no frequency domain CBSS
algorithm could be used as there would be insufficient number of sam-
ples to achieve convergence, but the proposed beamforming is successful
as it is independent of data length.

Five simulations for comparison of the proposed algorithm are pre-

sented

o FastICA [96](Matlab code available online) based BSS with ran-
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dom initialization and length of the signals is 5sec.

e FastICA based BSS with intelligent initialization and length of

the signals is dsee.

e FastICA based BSS with intelligent initialization but length of

the signals is 0.4sec (the MST case).

e Beamforming based BSS and the length of the signals is 0.4sec

(the MST case).

e Beamforming based BSS when both sources are physically close

to each other.

Initially, in the first simulation the recorded mixtures of length of
Ssec are separated by the original FastICA algorithm. The perfor-
mance indices and evaluation of permutation by the original FastICA
algorithm [96] with random initialization are shown in Figure 6.24. It is
highlighted that thirty-five iterations are required for the performance
level achieved in Figure 6.24(a) with no solution for permutation as
shown in Figure 6.24(b). The permutation problem in frequency do-
main BSS degrades the SIR to approximately zero for the recorded
mixtures.

In the second simulation recorded mixtures of length of Ssec are
again separated. In this simulation the angle of arrival of both speak-
ers obtained from the 3-D tracker is passed one-by-one to (6.5.3) and
FastICA is intelligently initialized (as discussed in Section 6.5.2). The
resulting performance indices are shown in Figure 6.25(a) which show
good performance i.e. close to zero across the majority of the frequency

bins. This is due to visual information used in the initialization, and the
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Figure 6.24. BSS Results: performance index at each frequency bin
for the original Bingham and Hyvarinen algorithm on the top [96] and
evaluation of permutation at the bottom, on the recorded signals of
known room impulse response with fixed iteration count = 35, length
of the signals is 5 seconds. A lower PI refers to a superior method and
[abs(G11Gaz) — abs(Gh2Gay)] > 0 means no permutation.
algorithm also converges in six iterations. The visual modality there-
fore renders this BSS algorithm semiblind and thereby much improves
the resulting performance and the rate of convergence. Permutation
is evaluated on the basis of the criterion mentioned above. In Figure
6.25(b) the results confirm that the proposed algorithm automatically
mitigates the permutation at each frequency bin. Since there is no per-
mutation problem the sources are therefore finally aligned in the time
domain. In Figure 6.25(a) at higher frequency bins there is less energy
in the mixtures therefore performance in those bins is deteriorated. The
SIR is also calculated as in [66] and results are shown in Table 6.1.

In the third simulation the length of the mixtures is reduced to
0.4sec i.e. the MST case, and the performance is shown in Figure 6.26.

[t is obvious in the results that the performance is poor because Fas-
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Figure 6.25. BSS Results: performance index at each frequency bin
for the proposed intelligently initialized FastICA algorithm at the top
and evaluation of permutation at the bottom, on the recorded signals
of known room impulse response with fixed iteration count = 6, length
of the signals is 5 seconds. A lower PI refers to a superior method and
[abs(G1Ga) — abs(G12Glay)] > 0 means no permutation.

Table 6.1. BSS Results: comparison of SIR-Improvement between
algorithms and the proposed method for different sets of mixtures.

Algorithms SIR-Improvement (dB)
Parra et al. Method [19] 6.8
Wenwu et al. Method [74] 10.0
[TFastICA 12.9

tICA is based on fourth order statistics and is limited by the data length
requirement. For signals with length equal to 0.4see, given the block
length of the FFT, only one sample would be available at each frequency
bin round(0.4f,/T) = 1 and therefore batch-wise BSS algorithms can-
not separate the sources of short data length due to insufficient samples
to converge, which is a common problem when the sources are moving.

In the fourth simulation the angles of arrival of both speakers ob-

tained from the 3-D tracker are passed to (6.5.3) and the sources were

separated by using beamforming (discussed in section 6.5.1) and the
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Figure 6.26. BSS Results: performance index at cach frequency bin
for the proposed intelligently initialized FastICA algorithi at the top
Se1nLiy & 1

and evaluation of permutation at the bottom, on the recorded signals
of known room impulse response, length of the signals is 0.4 seconds. A
lower P1 refers to a superior method and [abs(G G o) —abs(G12Gay)] >
0 means no permutation.
results are shown in Figure 6.27. The resulting performance indices
are shown in Figure 6.27(a) and confirm good performance and Figure
6.27(b) also shows that the beamforming mitigates the permutation.
> . 3 .
Since there is no permutation problem therefore the sources can be
aligned in the time domain. For comparison the data length of the
mixtures used in this simulation is 0.4sec and SIR in this case is 9.5dB.
It is know that the ideal condition for beamforming is when there is
no reverberation in the room (instantaneous case), but is not possible
in a real environment, however beamformer still works in a moderate
reverberant environment as in this case (room impulse response length
is 130 ms).

In the last simulation when both speakers are physically close to

each other, i.e. at state £ = 393 (where both speakers are close and sta-




Section 6.6. Experiments and results 137

(a)
0.5F 1

Performance Index (P1)

0 200 400 600 800 1000
Frequency bin

2 T T = T T

(o)

0 200 400 600 800 1000
Frequency bin

[abs(G11°G22) - abs(G12°G21)]

Figure 6.27. BSS Results: performance index at each frequency bin
for 3-D tracking based angle of arrival information used in beamforming
at the top and evaluation of permutation at the bottom, on the recorded
signals of known room impulse response, beamforming based separation
is independent of length of the signals. A lower PI refers to a superior
method and [abs(G1Gaz) — abs(G12Gyy)] > 0 means no permutation.

tionary for 0.4sec) the position of the speaker 1 is [0.54, —1.10, 1.59]"m
and the position of speaker 2 is [1.00, —0.91, 1.58]"m. the angles of ar-
rivals of both speakers i.e. 81 & 9ldegrees respectively, obtained from
the above estimated positions from the 3-D tracker are passed to (6.5.3)
and the sources are separated by using beamforming and the results are
shown in Figure 6.28. In this case, the performance reduces because of
the limitations of the beamformer, i.e. it is unable to discriminate spa-
tially one speaker from another due to the width of its mainlobe being
greater than the separation of the speakers, which is particularly clear
at lower frequencies. For comparison the data length of the mixtures
used in this simulation is also 0.4sec and SIR in this case is 8.2dB.
In conclusion, beamforming provides the solution for source separation

ol moving sources at an acceptable level because beamforming is inde-
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Figure 6.28. BSS Results: performance index at each frequency bin
for 3-D tracking based angle of arrival information used in beamforming
at the top and evaluation of permutation at the bottom, on the recorded
signals of known room impulse response, beamforming based separation
is independent of length of the signals. Speakers are physically close
to each other therefore performance is reduced. A lower PI refers to
a superior method and [abs(GGa) — abs(G12Gay)] > 0 means no
permutation.

pendent of the data length requirement unlike second or fourth order
statistics based batch-wise BSS algorithms.

Finally, separation of real room recordings were evaluated subjec-
tively by listening tests, six people participated in the listening tests
and mean opinion score is provided in Table 6.2.

Table 6.2. Subjective evaluation: MOS for separation of real room

recordings, by IIFastICA when sources are stationary, and by beam-
forming when sources are moving.

Algorithms | Mean opinion score
HFastICA 4.7
| Beamforming 3.8
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6.7 Summary ‘

In this chapter a new multimodal BSS solution was proposed to solve
the moving source separation problem. A full 3-D tracker based on
MCMC-PF was implemented. Video information was utilized in the 3-
D tracker which provided velocity and direction information of sources.
Based on the velocity of the source, a criterion for source separation
was setup: a beamforming algorithm was used when sources are mov-
ing and a BSS algorithm was performed when sources are stationary.
The direction information was then utilized to facilitate beamforming
and source separation. As shown by the simulation results, the pro-
posed method has a good performance for both stationary and moving
sources, which was not previously possible. This work has provided an

important step forward towards the solution of the real cocktail party

problem.




Chapter 7

- CONCLUSIONS AND
FURTHER RESEARCH

7.1 Conclusions

This study has provided a substantial step towards the solution of the
cocktail party problem, by presenting novel multimodal methods, lead-
ing to a complete solution to the problem of BSS for stationary sources
and a foundation step to the solution of BSS for mox-ring sources. The

contributions can be summarized as follows:

1. A novel geometrically constrained multimodal method for CBSS

of stationary sources based on second-order statistics.

2. A novel multimodal method based on higher-order statistics for

CBSS of stationary and step-wise moving sources.

3. A new approach to overdetermined frequency domain blind source

separation.
4. A 3-D visual tracker for tracking of multiple speakers in a room.

5. A novel multimodal method for CBSS of stationary and moving

sources by combining beamforming and ICA.

140
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In the first contribution the visual modality of speech was exploited
as a geometric constraint within a second-order statistics based CBSS
which exploits the non-stationary of speech (audio modality). Audio-
visual information was integrated through a penalty function-based for-
mulation to improve the CBSS algorithm. Geometrical positions of
speakers were localized by colour video cameras. The face region of
each speaker in each image frame was extracted on the basis of a skin
model and a face model, these 2-D image coordinates were transformed
to 3-D real world coordinates. On the basis of this geometric informa-
tion the distances between sensors and speakers, and angles of arrivals
of each speaker to each sensor were calculated. This visual information
was passed to the geometrical model for estimation of the mixing fil-
ter matrix, Which is integrated into a BSS algorithm in the form of a
constraint and the overall SIR-Improvement was 9.8dB and MOS was
4.0.

The second contribution provided a multimodal method for BSS
of stationary and step-wise moving sources for higher—order statistics
based independent cbmponent analysis (ICA) of complex valued fre-
quency domain signals. The mixing filter matrix was estimated in a
similar manner to the above contribution. This geometric information
based mixing filter matrix with whitening matrix of observed mixtures
data was incorporated into the initialization of the complex FastICA
algorithm for each frequency bin, which not only solved the inherent
permutation problem in the frequency domain CBSS (with complex
valued signals) but also improved the rate of convergence for static
sources. For the real room recordings it was practically verified that

when the sources moved in small steps then the unmixing matrix of the
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previous block with the whitening matrix of the current stage mixtures
provided the intelligent initialization for FastICA to separate step-wise
moving sources. The overall SIR-Improvement was 14.5dB and MOS
was 4.7 for stationary sources and respectively 12.8dB and 4.1 for step-
wise moving sources.

The third contribution tackled the problem of ill-conditioning of
the mixing matrix, which is related to the positions of the sources and
inter-element microphone spacings. To achieve this an overdetermined
frequency domain blind source separation {BSS) of speech signals was
developed which exploited all combinations of observations and hence
varying inter microphone spacings. The observations were divided into
subgroups and IIFastlCA was used in each subgroup. The idea was
to evaluate the BSS performance of each group at every frequency bin
on the basis of approximately measuring the independence of separated
signals, and choosing the output of the group with the best performance
at each frequency bin as the overall system output. This provided the
particular advantage that the best group was frequency dependent and
therefore the best inter-element spacing was likely to be chosen. The
separated signals of the overall system were then obtained by trans-
forming their frequency domain representations into the time domain.
Averaged PI measurement achieved for RT = 130 and 300ms was 0.080
and 0.101 respectively, confirming good separation.

In the fourth contribution a 3-D visual tracker based on Markov
Chain Monte Carlo particle filters (MCMC-PF) to simultaneously track
multiple speakers in a room was implemented. It was also evaluated

that audio localization was not effective due to the complexity in the

case of the multiple concurrent speakers BSS problem and therefore
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video localization was applied, and two calibrated cameras with over-
lapping fields of view (FOV) were used for sensor configuration. Since
the generic particle filter is not feasible for real time tracking of multi-
ple speakers therefore the MCMC-PF was implemented, which resulted
in high sampling efliciency. The output of the tracker was position and
velocity information which helped in BSS of stationary and moving
sources. Two speakers in the intelligent office were tracked and the
Euclidean error mean was (1.055m and standard deviation was 0.032m.

The last major contribution presented was a multimodal solution
to BSS of moving sources. To calculate the time varying mixing fil-
ters in the case of moving sources, the visual modality was utilized in
this method. The positions and velocities of the sources were obtained
from the 3-D visual tracker. The complete BSS solution was formed by
integrating a frequency domain blind source separation algorithm and
beamforming: on the basis of velocity obtained from the 3-D visual
tracker, if the sources were identified as stationary for a certain min-
imum period,- a frequency domain BSS algorithm was implemented.
Once the sources are moving, a beamforming algorithm which requires
no prior statistical knowledge was used to perform real time speech
enhancement and provide separation of the sources. The overall SIR-
Improvement was 12.9dB and 8.2dB, and, MOS was 4.7 and 3.8 for

frequency domain BSS and beamforming algorithms respectively.

7.2 Future research

The mixing filter matrix calculated in (3.2.3) includes only direct paths
between sources and sensors, in reality, in a convolutive environment the

actual mixing matrix should include the reverberation terms related to
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the reflection of sounds by the obstacles and walls. Therefore a modal
which can reflect some reflections in the mixing filter matrix can be a
future work. .

In the 4track'1ng part for BSS of moving sources a more robust ap-
proach would entail considering a speaker localization method which
includes different head postures and facial directions of speakers. More
sophisticated and compﬁtationally efficient schemes could also be pro-
posed for detecting the face through a sequence of images.

In BSS of moving sources, the proposed beamforming method is
only Vf;llid in a Iow reverberant environment and further research is
required in this aspect.

The existing BSS technique to solve the cocktail party problem is a
statistical appfoach and in general, is not valid for BSS of all moving
sources therefore some more cognitive approach is required to solve
the problem, thereby better mimicking a human, and mirroring Colin

Cherry’s Challenge.
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