Amazon v. SoundClear
US Patent 9,031,259
Amazon EX-1011






Phoebe.Wong
Sticky Note
None set by Phoebe.Wong

Phoebe.Wong
Sticky Note
MigrationNone set by Phoebe.Wong

Phoebe.Wong
Sticky Note
Unmarked set by Phoebe.Wong


_
Springer
Berlin
Heidelberg
New York
Barcelona
Hengkong
London
Milan
Paris
Sin gupore
Tokyo

L1

Engineering | ~—— —

hetp//www springerde/engine/



Phoebe.Wong
Sticky Note
None set by Phoebe.Wong

Phoebe.Wong
Sticky Note
MigrationNone set by Phoebe.Wong

Phoebe.Wong
Sticky Note
Unmarked set by Phoebe.Wong


Series Editors Editors
Prof. Dr-Ing. Ao LACROIX Prof. Mromarn Brar

fehann-W -oi?.gmw rosthe-Universitit Harvard University,
{matinnt fir sngewandie Phys Diw, of Eog. and Apphed Sociences

K yer-8ir, Jo4 33 Oeford Street
{e80325 Prankbart MA DIIE
ERET:N
Prof, L}f‘"zﬂg“ gl wesh@hrl barvard edy
ANASTASION VENETSANOPUULOS T, Dangen Wakn

Usndversity of T
Diept, of Blectrioa
1 King's Coll
BI58 3G
Canada gl doward

vial Collegs, Dept. of Els
vibitions Road

- SW7T 28% London

Foronto, Ontario OB

— ol Bngineering
Ceamparter Enginesring

feac.uk

ISBN 3-540-41953-5 Springesr-Verlag Berlin Heidelberg New York

Cip data applied for

e rights of transigtion, reprinting, i
fon on mizrefilm or in other ways, and storage i‘ﬁ data ba n}\s anl
ot is pf.rmitmi 1y under the provisions of the Germar
current version sion for use mu 2
Vintations are iable for pr t under German

i;r@ﬁ.dtﬁsii‘lg, i
this publivatio

of September
Springer-Ve

; ight Law
wd fromn

?1{53&

Springer-Verlag is 2 part of Springer SciencesBusiness Medin
httprfrwwwospringende

¢ York 3003

ipringer-Yerlag Barlin Heid
Printed in Germany

The use of gensral d»s
imply, sven in t
projective fawn

C RIS, ) regivtered names, radermarks, et in this publication does not
; mvh names arg exemypt from the relevam

Typesetling:
Lover-Design: de
SPIN: 11559276 BN 34327 Printed on acid-free paper

-iv-



Phoebe.Wong
Sticky Note
None set by Phoebe.Wong

Phoebe.Wong
Sticky Note
MigrationNone set by Phoebe.Wong

Phoebe.Wong
Sticky Note
Unmarked set by Phoebe.Wong


Preface

The study and implementation of microphone arrays sl over 20 years
sgo. Thanks to the research and experimental developruents pursued 10 the
present day, the field has matured to the point that array-based technology
now has immediate applicability 10 a number of current systems and a vast
potential for the improvement of existing products and the ereation of {future
devices, : ,

In putting this book together, our goal was t0 provide, for the fivst thme,
a single cowplete reference on wicrophone arrays. We invited the top re-
soarchers in the field to contribute articles addressing their specific sopicls)
of stndy. The reception we received from our colleagues was quite enthusi-
astic and very encouraging. There was the general consensus that # work
of this kind was well overdue. The results provided in this collection cover
the rurrent state of the art in microphone array research, development, and
technologics] applization,

This text is organized into four sections which roughly follow the major
arveas of microphone arcay research today, Parts 1 and 11 ave primarily she-
oretical in nature and emphasize the wse of microphone srrays for speach
enhancement and source localization, respectively. Pari 1L presents a num-
her of specific apy 21 L Part IV addresses some
open questions and explores the future of the field

Part T concerns the problem of enhancing the speech signad acguirvesd by
an arvay of microphones. For a variety of applications, ncluding human-
compuber interaction amd hands-free telephony, the goal is to allow users 0
voam unfettered in diverse environments while siill providing a high uality
speech signal and robustness against background noise, interfering sources,
and reverheration effects. The use of microphone arrays gives ope the appor-
tanity to explolt the that the source of the desired speech signal and the
noise sources are physically separated in space, Conventional array pre

o techniques, typically developed for applications such as radar and sonar,
were initisdly applied to the haonds-free speech acynisition problem. However,
the environment in which microphone axrvays is used is significantly different
from thai of conventional array applications. Firsily, the desired gpeech signal
has an extremely wide bandwidth relative to its center frequendy, meaing
that conventional narrowband techuiques are not suitable. Secondly, there

g
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W1 Preface

is significant multipath interference caused by room reverberation. Finally,
the speech source and noise signals may located dose to the array, meaning
that the conventional far-field assumption is typically not valid. These dif-
fovences (amongst others) have meant that new array technigues have had
to be formulated for microphone svay applications, Chapter 1 describes the
design of an array whose spatial response does not change appreciably over
a wide bandwidth. Such a design ensures that the spatial filtering performed
by the array is uniform across the entive bandwidsh of the speech signal. The
madn problem with many srray desipns is that a very large physical array is
required to obtain reasonable spatial resoluticn, ¢ iadly at low frequenc
This probdem is addressed in Chapter 2, which reviews so-called superdivec-
tive arrays. These arvays are designed 1o achieve spatial divectivity that is
significantly higher than a standard delay-and-sum beanformer. Chapter 3
deseribes the use of a single-channel noise suppression filter on the output
of a microphone array. The design of such & post-filter typieally regquires in-
formation about the correlation of the noise between different microphones.
The spatial correlation functions for various divectional microphones are in-
vestigated in Chapter 4, which also describes the use of these functions in
adaptive noise cancellation applicetions. Chapter § reviews adaptive tech-
niques for microphone arvays, focusing on algorithms that ave robust and
pertorm wedl in real environments, Chapter § presents optimal spatial Sher-
ing algorithms based on the generalized siugular-value decomposition. These
techindogues require a large number of computations, 50 the chapter presents
technigues to reduce the computational complexity and thereby permit veal-
time implementation, Chapter 7 advocates a new approach that combines
explictt modeling of the speech signal {a technique which is well-known in
single-channel speech enhancement applications) with the spatial fiitering af-
forded by multi-channsl array processing.

Pasrt 111z devoted o the source localization problem. The shility to locate
and track one or more speech sources is an essential requirement of micro-
phone array svstems. For spesch evhancement applications, an accurate fix
on the primary talker, as well 88 knowledge of any interfering salkers or coher-
ent nolge sources, is necessary 1o effectively steer the array, enhancing a given
source while simultansously attenuating those desmed undesivable. Location
date may be used as o gulde for discriminating individual speakers in a multic
source scenario, With this information available, it would then be possible to
antomatically focus upon and follow & given source on an extended basis. Of
particular interest lately, is the application of the gpeaker location estimates
for alming a camera or series of cameras in a video-conferencing system. In
this regard, the automated localization information sliminates the need for a
human or nomber of human camera operators. Several existing commercial
products apply microphone-array technology in small-room environmenis to
steer a robotic camera and frame active talkers. Chapter 8 sunmmarizes the
various approaches which have been explored to accurately locate an individ-

-vi-
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Profacs Vi
ual in a practical acoustic environment. The emphasis is on precision in the
face of adverse conditions, with sn appropriste method presented in detail.
Chapter 9 extends the peoblem to the case of muliiple active souvees, Whils
again congddering realistde environments, the issue is complicated by the pres-
ence of several talkers. Chapter 10 further generalizes the source localization
seenario to nclude knowledge derdved from non-acoustic sensor modalities.
In this case both andio and video signals are effectively combined to track
the motion of a talker,

Fart 11T of this text details some specific applications of microphone array
technology available today. Microphone arrays have been deploved for & vari-
ety of practical applications thus far and their uiility and presence in our dadly
Hves is increasing rapidly. A one extreme ave large aperture arvays with tens
o hundreds of slements designed for large rooros, distant talkers, and adverse
acoustic conditions. Examples inclade the two-dimensional, harmonic amray
installed in the main avditorium of Bell Laboratories, Murvay Bill and the
512-element Huge Microphone Array (HMA) developed at Brown University.
While these systems provide tremendous functionality in the enviromments
for which they are intended, soaall arvays consisting of just & handful fusu-
ally 2 to B} of mivrophones and encompassing only & few centimesers of space
have become far more common and affordable. These systems sre tndended
for sound capture in close-talking, low to moderate noise conditions {such
a8 an individual dictating at s workstation or using a hands-free telephone
in an automobile) and have exhibited a degree of effectivensss, sspotially
when compared to their single mierophone eounferparts. The technology has
developed to the point that microphone arrays are now available in off-the-
shelf consumer electronic devices awailable for under $150. Because of their
prowing popularity and feasibility we have thosen to focus primarily on the
issnes sssociated with small-sperture devices, Chapter 11 addeesses the in-
corporvation of multiple microphones into heariog ald devires. The ability of
beamforming methods to reduce background noise and interference has besn
shown to dramatically lmprove the speoch understanding of the hearing o
palred axd o increase their oversll satisfaction with the device. Chapter 12
focuses on the case of a simple two-slement array combined with postfiltering
to achieve noise and echo reduction. The pert ace of shis configuration

forma
ix analyzed under realistie acoustic conditions and s uiility ls demnnatrated
for desktop conferencing and intercom applications. Chapter 18 iy concerned
he problem of acoustic feedback inherent in full-duplex communica-

with 1}
tions nvolving loudspeakers and wicrophones. Existing single-channel echo
cancellation methods are integrated within a beamforming context to achieve
enhanced echo suppression. These resulis are appled to single- and multi-
channel conferencing scenarios. Chapter 14 exploves the use of microphone
arvays for sound capture in avtormobiles. The issues of nwise, interference, and
scho cancellation specifically within the car environment are addressed and a
particularly effective approach is detailed. Chapter 15 discusses the applica-

-vii-
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VI Preface

tion of microphone arrays to improve the performance of speech recognition
ems i adverse conditions. Strategies for effectively coupling the acous-
tie signal enhancements afforded through beamforming with existing spe
recognition techniques are presented. A sperific adaptation of a recognizer to
function with an arrsy is presented. Finally, Chapter 16 presents an overview
of the problem of separating blind mixtures of acoustic signals recorded at a
microphone array. This represents a very new application for microphone ar-

v#, and is a technique that is fundamentally different to the spatial filtering
pproaches detailed in earlier chapters.

In the final section of the book, Part IV presents expert summaries of
current open problems in the field, as well ag personal views of what the future
of microphone array processing mwight hold. These summaries, pres nted in
Chapiers 17 and 18, describe both academically-oriented research problems,
as well as industry-focused areas where microphone arvay research may be
headed.

The individual chapters that we selected for the book were designed to
be tutorial in oature with a specific emphasis on recent mportant resulis,
We hope the result is a text that will be of utility to a large audience, from
the student or practicing engineer just approaching the field to the advanced
researcher with multi-channed signsl processing experience.

&

Cambridge MA, USA Michoel Brandstein
Lemdon, UK Drarren Ward
January 2001

-viii-


Phoebe.Wong
Sticky Note
None set by Phoebe.Wong

Phoebe.Wong
Sticky Note
MigrationNone set by Phoebe.Wong

Phoebe.Wong
Sticky Note
Unmarked set by Phoebe.Wong


Contents

Part 1. Speech Enhancement

1 Clonstant Directivity Beamforming

Darven B. Ward, Rodney A, Kenedy, Hobert . Wilkiemson ... ... 3

11

1.5
16

Tnbrmd UCEI L. s s i e e e e e 3
Problem Formulaflon . o i e e e &
Theoretical Solation ... ... . .. .. R 1
1.3.1 Continuous semsor ... .. .. e e e cneas T
1.3.2 Beam-shaping functlon ..o o i &
Practical Implementation ... ... e g
1.4.1 Dimension-reducing paramste

1.4.2 Referones bewmeshaping filter ..o o i i 11
1.4.3 Sensgor placement .. ..., ..., e 12
1.4.4 Summary of implementation ... ... oL caeo 32

Bamnples . e 13
Conelusioms ... ... . v PR U £ i

Beferences ... ..... R 16

2

e

Superdirective Microphone Arrays

Joerg Bitger, K. Uwe Stmier ... . o e 1B

2.1

&y vy
Hrv i

2.4

Tndroduction. . ... ... ... e 18
Svaluation of Beamommars . ..o i i i 20
220 Array-Galll « . oo i 21
223 Beampatlorml. .o e e e 22
2.2.3 Divectivity ... ... 0 .. .. e e .. 23

2.2.4 Front-to-Back Ratio ... ... e v 24

Diesign of Superdirective Beamformers ... ... . 24
2.3.1 Delay-and-Sum Beamformer ... ..., e 26
2.3.2 Design for spheriesl sotrople noise. ... ... cinaee. 2B
2.3.3 Design for Cylindrical Trotropie Nodse ... .. .. ..o el 30

oM

A4 Design for an Optimal Front-to-Back Ratio ... ... NP 4]
A5 Design for Measured Nodse Fields . ... s 32
Extensions and Detalls .. i BN X
24.1 Abernative Form ... . e PN 33

s

-ix-



Phoebe.Wong
Sticky Note
None set by Phoebe.Wong

Phoebe.Wong
Sticky Note
MigrationNone set by Phoebe.Wong

Phoebe.Wong
Sticky Note
Unmarked set by Phoebe.Wong


Conbents

2.4.2 Comparison with Gradiens Microphones . . . . .

2.5 Concusion ............... F 36
Reeramess e PR 37

& Post-Filtering Technigues

K. Uwe Stmmer, Joerg Bitzer, Cloude Murro .0 0o oo, .. ceen 38
S Imgrodustion. .o o o B 1 B
3.2 Multi-channel Wiener Filtering in Subbands. . ... ... ... .. ... 41
4.2.1 Derivation of the Optimum Solution ..o . o 0 ... L. 41
4.2.2 Factorization of the Wiener Scdution ... ..o ... 42
328 Inderpretation .. ... ..o ... ... e . oo 4B
3.3 Algorithms for Post-Filter Estimation ... . .. ... .. ... 46
3.3.1 Analysis of Post-Filter Algorithms . ... ... ....... 47
3.3.2 Properties of Post-Filter Algorithums ... ... ..., cinaee.. 49
3.4.3 A New Pogt-Filter Algorithan ... ... .. ... . ... .o 50
3.4 Performance Evaluation ... ... ... ... . ... ... 51
3.4.1 Rwauia%wn Systero ... ... e e 52
342 Objective Meagures .. ... ... 0. e 52
343 Simulation Resalss. ... ... e e 54
Conclusion . .....o.. o o i e 57

4  BSpatial Coherence Functions for Differential Microphones
in Isotropic Moise Fields

Ciory W EBlho e ceeeon B1
A1 Imtroduction. ... e . 81
4.2 Adaptive Noige Can e e e 61
4.3 Sphesically Isotropic Coherence ... ... .. ... Cena e coo.. 65
44 Cylindrically Isotropic Fields ... ... ... ..., ... R
4.5 Conclusions ......o o e 7
References ..o 34

5 Robust Adaptive Beamforming

Oswamne Hoshuyome, Akihike Sugiyvama. ... ... . oo, eeo... BY7
51 Introduction. ... ... ... ... e e e ..o 87
5.2 Adaptive Beamformers .. ... .. . e 85
5.3 Hobustpess Problem inthe GJBF . .. . o . 94
5.4 Robust Adaptive Microphone Arrays — Solutions to Steering-
Vector Frrors . 82
5 12 1 Z{.&F Z.A}? ‘@i@u‘:‘mm . 92

5. 4: 4 C C&F "\{“‘}ﬂ“ E-ai;ruumf* with an AMC . J?
5.5 Software Evaluation of a Robust Adaptive tsf}u:z ;pimue Azmx ..... o9
5.5.1 Sumulated Anecholc Environmment ... .. .. . .. ... 99
5.5.2 Reverberand Boviromment .. ovvvvv vt cnnnnnn e ... ... 101



Phoebe.Wong
Sticky Note
None set by Phoebe.Wong

Phoebe.Wong
Sticky Note
MigrationNone set by Phoebe.Wong

Phoebe.Wong
Sticky Note
Unmarked set by Phoebe.Wong


Contents X

5.8 Hardware Bvaluation of a Robust Adaptive Microphone Array .. .. 104

561 Tmplementation ... .. . s 104
5.6.2 Fraluation in s Real BEnvironment ..o o o 104
Conthusion .. i e e PR 144
Referenees . . o i e e e 106

8 GSVD-Based Optimal Filtering for Multi-Microphone SBpeech
Enhancement

Simon Doclo, Marc Moomen (..o oo e e 111
.1 Itroduehion L L e e e e e 111
6.2 GEVD-Based Optimal F‘ﬁtenngz Technique ... ... .. BN & &
6.2.1 Optimal Filber Theory ... . o iin o e 114

6.2.2 General Class of Estimators. .. ... ..o i i i iiaan 118
6.2.3 Symmetry Propertios for Time-Series Filtering . ... .. ... 117

6.3 Performance of GEVD-Based Optimal Filtering . ... ... ... . 118
8.3.1 Simalation Environment ... ... o e 118
6.3.2 Spatial Directivity Pattern. ... ... ... R R 118
6.3.3 Noise Reduction Performance . ... oot 121
65.3.4 Robustness TSUGH. oo e i 121

6.4 Complexity Beduction .. ... .. . o sl 122
6.4.1 Linear Algebra Techniques for Computing GSVD ... ... 122
6.4.2 Recursive and Approximate GEVD-Updating Algorithms ... 123
8.4.3 Downsampling Techmiques .. .. . i i i 125
8.4.4 Simulatlons . .. i a . 128
6.4.5 Computational Complexity ... 0. ... e 126

§.5 Combination with ANC Postprocessing Stage. ... oo oo 127
6 5.1 Creation of Bpeech and Noise Heferences ....oovvvvinn.. s 127

52 Noise Beduction Performance of ANC Postprocessing Stage . 128

‘a‘S Comparison with Standard Bearnforming Techniques .. ... .. 120

B8 Comelusion . ... ey i e 129
RerenCes e e 130

7 Explicit Speech Modeling for Microphone Arvay Speech
Acquisition

Michael Brandstein, Scott Griehel .. ... .. e 133
T4 Introduchion. ... e e . 133
7.2 Model-Based Strategies .. ... ..o o e 136

7.2.1 Example 1+ A Frequency-Domain \Endf*! Based Algorithm .. 137

7.2.2 Example 20 A Time-Domain Model-Basged Algorithm . ... ... 140
7.8 Conclusion ........., S PRI 148
Beforoncns L. e 151

Part 11, Source Localization

-Xi-



Phoebe.Wong
Sticky Note
None set by Phoebe.Wong

Phoebe.Wong
Sticky Note
MigrationNone set by Phoebe.Wong

Phoebe.Wong
Sticky Note
Unmarked set by Phoebe.Wong


p4 i

Ciontents

8 HRobust Localization in Reverberant Rnunm
Jozeph H. DiBigse, Horvey F. Silvermon, Michael §. Brondstetn .. ... 167

}%i ﬁ”rodum’mn ..... s 15?
é‘; 5.3 %Lcw'ﬁ(i 130 mlmrmez «Bmed JOCBEOEE o vt inr i 159
8.2.2 High-Resolution Spectral-Estimation-Based Locators .. .. ... 160

8.2.3 TDOA-Based Lovators .. ... e RN 161

8.3 A Robust Localization Algorithm . ..., ... R A 164

3.1 The ]tr« pzilw h§"\§)1 mee ?\iodel 164

3 1
s‘i 34 SRP E&wd "umr{v Loc ah:mtum .......................... 16@
8.3.5 The SEP-PHAT Algorithrn . ... 00, RN i1
8.4 Experimeesntal Comparison. ... .. .. e s 172
References ... ..., s e e 175

¢ Multi-Bource Localization Strategies

Flip B. Di Clawdio, Roffeele Pardsé. ... .. .. e 1581
G Infroduction. . ... .o i e
8.2 Background ... oo e veen.o 184

920 AspaySigeal Model ..o o
9 2.2 Incoherent Approach .. i i e 185
2.3 Coherent Signsl Subspacs Method { C&% MY o ]
91’1 Wideband Weighted Subspace Fitting (W Bw’% tﬂs ) B
8.3 The Issue of Coherent Multipath in Arveay Processing . ... ........ 18
G4 Truplementation JSSues . oo it i e s

9.5 Linear Prediciion- RO(}T M‘{;%K TDOA Bstimation ............
9.5.1 Signal Pre-Whitening ... ... . ... .. s e ..
4.5.2 An Approsimate Model for Multiple Sources in Reverberant

B OIS . L e e e e 191

4.5.3 Robust TDDA F%rzmaﬂon vin H{}i’)T MUSIC ... L 192

9.5. 4. Fstimation of the Number of Relevant Reflections ..., ... 184

2.5.5 Source Clustering. ... ... ot e o195
90.6 Experimem;a} Bestdis oo oo e 166
Raferamens Lo e e e 1098

i3 Joimt Audio-Video Signal Processing for Ohject Localiza-

tion and Tracking

Norbert Strobel, Sascha Spovs, Rudolf Rebenstesn. ... . ... ... .. 2013
10.1 Tmbroduction
10.2 Recursive State Estinaation

10231 Linear Kalman Filter ... o i i 206
10.2.2 Extended Kalman Filter due to a Measurement Nonlinesciny 210
10.2 3 Decontralized Kalman Filter ... ..o o oo e 212
103 Implementation . ... ... L. BN e e 218

-xii-



Phoebe.Wong
Sticky Note
None set by Phoebe.Wong

Phoebe.Wong
Sticky Note
MigrationNone set by Phoebe.Wong

Phoebe.Wong
Sticky Note
Unmarked set by Phoebe.Wong


Contents X1

10.3.1 System description. ... e L. 218
10.828esalts . ... oL R, R PR T 218
0.4 Dmm%mu and Conclugions ... J N 221
22332

Part 111, Applications

11 Microphone-Array Hearing Aids

Julie B. Greenbery, Potrick M. Zwvek oo oo cioa e .. 228

11.1 Introduction

11.2 Tnplications for Design
11.2.1 Assumptions R

11.2.2 imp‘.m.:.:.emgmxm Izsm»:s ,,,,,,,,,,,,,,,,,,,,, .

11.2.3 Assess
113 Hearing Alds wntb i}ngcmumﬂ Microphones ... oo 233
11.4 Fixed-Peamforming Hearing Alds ... ... oo e 234
11.5 Adaptive-Beamforming Hearing Adds ..o .. 335

11.5.1 Generalized Sidalobe Canceler wish Modifications. . ... .. 236

11.5.28¢caled Projection Algorithm ... .. P .. 242

11.5 8 Dhrection of Arrival Bstlmablon .. o o oo .. 243

11.5.4 Osher Adaptive Approsches and Devices ..o ov oo . 247
11.6 Physiologically-Motivated Algorithms. . ... .. e e 244
11.7 Beamformers with Binsural Quiputs oo oo n 245
118 Dscussion . .o ons e enr et 246
References ..o .onn e e e 249

12 Small Microphone Avrays with Postfilters
for Noise and Acoustic Echo Reduction

Ruainer Mardin .. ..o v iansnanenns e 255
1 IOt On e e v et e e 255
12.2 Coherence of Speech and Noige . 257
12.2.1 The Mapnitude Squared Coherence «..ooovive i 257
1222 The Reverberation Distance (... o oo e 258
12.9.3 Coherence of Noise and Speech in Reverberant Enclosures .. 259
23 Armiv%ia of the Wiener Filter with Symmetric Input Signals .. .. 283
% 1No Near Bod Speech o000 oo oonen . 265

3.2 High Signal to Nedse Ratio. ..o oo 265
12. 4 ”’\ku, & Reduction Application ... oo e 266
12.4.1 An Implementation Based on the NLMS %l@)s:mhm ,,,,, 286
12.4.2 Processing in the 800~ 3600 Hz Band ... ... ..o v .. 2B
12.4.3 Pm ng in the 240 - 800 Hz Band . ... ... e, 268
; AR Ty e 1oy HAPU U cos 288

12.4.5 Alternative 1mpiegnem<1t iong of the Coherence Based Postlilier 271

12.5 Combined Noige and Acoustic Echo Reduction. ... ovn s 271

=-XI111-



Phoebe.Wong
Sticky Note
None set by Phoebe.Wong

Phoebe.Wong
Sticky Note
MigrationNone set by Phoebe.Wong

Phoebe.Wong
Sticky Note
Unmarked set by Phoebe.Wong


v {Clomtents

125 1 Experimental Results .. ... ... . o .
12.6 Conclusions .. ... Z?“
Heferences ... ... ..., ..

13  Acoustic BEcho Cancellation for Beamforming
Microphons Arrays

Walter L. Kellermann ... ... ... .....
13.1 Introduction

13.2 Aconstic Brho Cancellation ... ... ... ... ... e e . 282
13.2.3 Adaptation algorithms ... .. .. e, 284
13.2.2AEC for multi-channal sound reproduction. .. ..., ... .. 287

13.2.3 AEC for multi-charmel acquisition ... .. ... .. ... .. 287

13.3 Bm miforming . ... ... . L e e seeia... 2BB
1331 General struckure ... ... L L e 288
13.32 Thme-invariant beamforming ... .. ... ... N 280
133.3 Time-varying beamforming ............... 291
13.3.4 Computational complexity ..., . ...... B, ... 282

13.4 Generie structures for combining ARC with beam 252
I3 A3 Motivation. . ... oo e, 282
13.428Basicoptions ... .. ..., e e e 293
ISAZARC s’ ... .. .. e e e e e 283
13.4.4 Beamdorming frst™ ... .. ceaao. 206

13.5 Integration of AEC into time-varying beamforming ... ... ..., .. 247
13.5.1 Cascading time-invariant and time-varying beamforming. . .. 207
13.8.2AEC with GSCype beamforming structures .. ........... 3601

13.6 Combined AEC and beamforming for multi-channel recording and
mnlti-chanmsd reproduction ... L L. e 302

BT Conelusions ... . B 303

Referenmces ... ... ... ... e e 308

14  Optimal and Adaptive Microphone Arrays for Speech In-
put in Automobiles

Sven. Nardholm, Ingvar Claesson, Nedelko Grbid ... . ... .. .. ... 307
14.1 Introduction: Hands-Free Telephony in Cars . ..o ... 307
14,2 Optirmurm and Adaptive Beamforming ... ......... .. .. e 306
4 2.1 Comman Signal Modeling ... ... ..... e .. 309
2.2 Constrained Minimum Variance Beamifnrming a mri the {en~

eralized Sidelobe Canceler ... ... . . . 310

14.2.3 In Situ Calibrated Microphone Array (ICM *;\ ............ 312
14.2.4 Time-Domain Minimum-Mean-Square-Error § 318

14.2.5 Frequency-Domain Minimurm-Mean-Square-Frror Snluz:mn .34

14.2.6 Optimal Near-Field Signal-to-Noise plus Interference Bean-
former ... ... ... e e e e 316
14.3 Subband Implementation of the Mwmphow Array ..ol 81T
14.3.1 Description of L5-Subband Beamforming ... ... ... ... ... 318

-Xiv-



Phoebe.Wong
Sticky Note
None set by Phoebe.Wong

Phoebe.Wong
Sticky Note
MigrationNone set by Phoebe.Wong

Phoebe.Wong
Sticky Note
Unmarked set by Phoebe.Wong


Contenis x¥

14.4 Multi-Besolution Time-Frequency Adaptive Beamforming ... . ... 319
14.4.1 Memory Saving snd Inmprovements. . ... v i s 319

14.5 Bvaluation and Exaroples ... .o .0 e a2
14.5.1 Car Environment .. ... .., e e e e e 320
14.5. 2 Microphone Configurafions ... o o 321
14.5.3 Performance Measures ... ... e RPN 321
14.5.45pectral Performance Measures. . ..o 322
1455 FEvaluntion on €ar dakin ... . i i i e e 323
1458 Evaluation Besulbs . ... o i i Lo 323
14.6 Summary and Conclusions ... .. ..o o o RPN Lo 334
Feforantes .. vurr e e e e 326

15 Speech Recognition with Microphone Arrays
Maurizio Omelogo, Marco Matassoni, Fiergiorgin Svaizer ............ 331
15 Tintroduction. ... .. et easaeaiaa s PRI 13 1
F28tateof the ATt ... o i e e ceol 332
15.2.1 Autommatic Spesch Rf’me;mtmn T 332
E22Robusiness in ASR ... ... e e 336
1) 2.3 Microphone Arrays and Belated Pmcawng for ABR ....... 387
15.2.4 Distans-Talker Speech Recognition . ...... .. e . 339
15.8 A Microphone Array-Based 45K System ... ..o oo oo 342

15.3.1 Svstern Desoription ... o oot e 342
15.3.28peech Corpora and Task. ..o 345
15.3. 3 Bxperiments and Besults ... o i oo 346
15.4 Diseussion and Future Trends ... ..o e e 348
REFOTEOTES . oot siv v s rvvsr e e e e s 349

16 Blind Separation of Acoustic Signals

Seott U Douglas ..o oo inninon. e U 355
AL Indroduchionm . .o ey ceo. 355
16.1.1°The Cocktail Party ﬁ}ffeat .............................. A58
16.1.2Chapter Overview ..o nii v e e oo 358
16.2 Blind Signal Separation of Convolutive Mixtures .. ... ... 357
16.2.1 Problem SIruefars .. o0 i ian e et 357

16.2.2Gond of Convolutive BSS ..., e 359
16.2.3 Relationship to Other Problews .o oo oo v 360

16.3 Oriteria for Blind Sigmal Separation ... o i iein 362
16.3.1 Overview of BES Critexda . ... .. e 362
16.3.2 Density Modeling Criteria ... oot N 362
16.3.3Contrast Fungtions .. ... i e L. 364
16.3.4 Correlation-Based Criterda . ... ..o oo oo ceeo . 306

16.4 Btructnres and Algorithms for Blind Signal Separation... ... ceon BBT
1641 Fileer SERuriUTes. 0 oo vn v ian et 36%

16.4.2 Density Matching BSS Using Natural Gradient Adaptation . 368
16.4.3 Contrast-Based BSS Under Prewhitening Constraints ... ... 370

-Xiv-



Phoebe.Wong
Sticky Note
None set by Phoebe.Wong

Phoebe.Wong
Sticky Note
MigrationNone set by Phoebe.Wong

Phoebe.Wong
Sticky Note
Unmarked set by Phoebe.Wong


KVT Contents

1644 Temporal Decorrelation BSS for Nonstationary Sowvess. ... 372
16.5 Numerical Evaluations . ... ... ... ...... e 373
16.6 Conclusions and Open Issues . .. o 375
References . ......... .. 0 0e... s e e 378

Part TV. Open Problems and Future Directions

17 Futuwre Directions for Microphone Arrays

Gary W. Elbe . ... ... e e e 383
P ddntroduction. ... oo R 1.
1'3’ 2 Hands-Free Comn 1T ¢ N e 383
17.3 The "Future” of \h{,mp}mrze Array Processing .. ... ... ... ... 85
174Conclusions ..o . o L, e e ART

18  Future Directions in Microphone Array Frocessing

Z}?m Van Compernolle ..o 385
18.1 Lessons From the Past 385

18.2 A Future Focused on Application P . §
L8.2.1 Automotive ... ... .. .- a1

BR22DesRt0p - o v 392

B23Hearing Aids ... ceen.. 383

18.2 4 Teleconferencing .. . . .. e e e 393

18.2.5Very Large Arrays ... . . R 383
18.2. f?;’I?w ‘31@311{1 Subspace Approach - An Alternative ‘m Spatial

T 383

8.3 Final ?{mz:ai ks oo 394

Index ... .. e e et aear e en e 394

-XVi-


Phoebe.Wong
Sticky Note
None set by Phoebe.Wong

Phoebe.Wong
Sticky Note
MigrationNone set by Phoebe.Wong

Phoebe.Wong
Sticky Note
Unmarked set by Phoebe.Wong


List of Contributors

Joerg Bitzer
Houpert Digital Audio
Hremen, Germany

Michael 5. Brandstein
Harvard Undverstiy
Cambridge MA, USA

Ingvar Classson
Blekinge Inst. of Technology
Bouneby, Sweden

Joseph H. DiBiase
Brown Universtly
Providenee RI, UBA

Elio 1. Di Claudio
University of Rome “La Sapienza”
Rome, Ttaly

Simaon Doclo
Katholieke Universiteit Leuven
Lauven, Belglum

Seott C. Douglas
Southern Methodizt Universivy
Dallas TX, USA

Gary W. Elko
Agere Bystems
Murray Hill NJ, USA

Nedsiko Grbid
Blekinge Inst. of Technology
Rouneby, Sweden

Julie BE. Greenberg
Massachusetts Tnst. of Ter
Cambridge MA, USA

fcott M. Grisbel
Harvard Universtly
Cambridge MA, USA

Osamn Hoshuyams
NEC Media Resecarch Labs
Kawasaki, Japan

Walter L. Kellermann
University Erlangen-Nuremberg
Erlangen, Germany

Roduey A. Kennedy
The Australian National University
Canberra, Australia

Claude Marro
Trance Téldeom R&D
Lannion, France

Rainer Martin
Aschen University of Techoology
Aachen, Germany

Mareo Matassoud
Tstituto per la Ricerca Beien
Tecnologicn

Povo, Haly

Mare Moonen
Katholicke Universiteit Leuven
Leuven, Balghum

-XVii-



Phoebe.Wong
Sticky Note
None set by Phoebe.Wong

Phoebe.Wong
Sticky Note
MigrationNone set by Phoebe.Wong

Phoebe.Wong
Sticky Note
Unmarked set by Phoebe.Wong


EVHT Lt of Contributors

Sven Mordholm
Curtin University of Technology
Parth, Australia

Manrizie Omologe

Istituto per la Ricerca Scientifica e
Tecnologies

Povo, Htaly

Raffaele Parisi
University of Rome “La Sapienza”
Remns, Tialy

Rudolf Habenstein
Undversity Erlangen-Nuremberg
Erlangen, Germany

Harvey ¥, Slverman
Brown Universtiy
Providence RI, USA

K. Uwe Himmer
Aurecs GmbH
Bremen, Germany

Sasrha Spors

University Erlangen-Nuremberg
Erlangen, Germany

-XxVili-

Marbert Strobel
hiemens Medical Solutions
Erlangen, Germany

Akihiko Sugiyama
NEC Meadia Research Labs
Kawasald, Japan

Plergiorgio Svaizer

Istitubo per la Bicerca Scientifica e
Tecnologica

Povo, Taly

Dirk Van Compernclie
Katholieke Universiteit Leuven
Leuven, Belghum

Darren B, Ward

Imperial College of Science,
Technology and Medicing
London, UK

Robert (. Willintuson
The Australian National I
Canberra, Australia

rersiby

Patrick M. Zurek
Bensimetrics Corporation
Somerville MA, USA



Phoebe.Wong
Sticky Note
None set by Phoebe.Wong

Phoebe.Wong
Sticky Note
MigrationNone set by Phoebe.Wong

Phoebe.Wong
Sticky Note
Unmarked set by Phoebe.Wong


Part |

Speech Enhancement



Phoebe.Wong
Sticky Note
None set by Phoebe.Wong

Phoebe.Wong
Sticky Note
MigrationNone set by Phoebe.Wong

Phoebe.Wong
Sticky Note
Unmarked set by Phoebe.Wong


1 Constant Directivity Beamforming

Darren B, Ward!, Roduey A. Kennedy®, and Robert C. Williamson®

v

¢ Imperial College of Science, Technology and Medicine, London, UK
2 The Australisn National University, Canberra, Anstralia

Abstract. Beamforming, or spatial filtering, is ove of the shraplest methods for dis-
criainating between different signals hased on the physical location of the scurces.
Because speach is a very wideband signal, covering some four octaves, traditional
nazrowband besmforming techniques ave inappropriate for hands-free speech ac-

cuigition. One class of broadband heamformers, called constant directivity beam-
formers, aim to produce a constant spatial response Gver & brosd frequeney range.
In this chapter we review such beamformers, and disenss implementation issues
related to thelr use in microphone arrays,

1.1  Introduction

Beamforming is one of the simplest and most robust means of spatind filtering,
L., discrisminsting between signals based on the physical focations of the
signal sources [1]. In a typical microphone array environment, the desired
“h signal originates from a talker’s month, and is corrupted by interfering

spe
signals such as other talkers and room reverberation. Spatial filtering can be
wsefnl in such an environment, since the interfering sources generally originate
from points in space separate from the desived talker’s mouth. By exploiting
the spasial dimension of the problem, microphone arrays atiempt o obtain a
high-quality speech signal without requiring the talker to speak directly i
a close-talking microphone.
In most beamforming applications two asswmptions simaplify the analysis:
(i} the signals incident on the array are narrowband {the narrowbond as-
sumption); and (i) the signal sources are located far enough away from the
array that the wavefronts impinging on the arvay can be modeled as plane
waves (the farfield assumption). For many microphone array applications, the
farfield assurption is valid. However, the narrowband assumption i never
valid, and it is this aspect of the beamforming problem that we focus on in
this chapter (see [2] for techniques that also ift the nearfield assumption}.
To understand the inhersnt problem in using a narrowband array for
broadband signals, consider a linear arvay with 8 fixed number of elements
separated by a fixed inter-alement distance. The irnportant dimmension it mea-
suring array pecformance is s sise in terms of opersting wavelength. Thus
for high frequency signals {(having a small wavelength) a fixed array will ap-
pear large and the main beam will be narrow. However, for low frequencies

et
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Fig. 1.1, Response of a narrowband wrray aperated over a wide bandwidih.

{large wavelength) the same physical array appears small and the main bean
will widen.

This i HHlustrated in Fig. 1.1 which shows the beampattern of an array
designed for 1.5 kHz, but operated over a frequency range of 300 Hz to
3 kHz. If an interfering signal is present ab, say, 60°, then ideally it should be
attenumated completely by the array. E“iowevu; because the beam is wider at
low frequencies than at high frequencies, the interfering signal will be low-pass

filtered rather than uniformly attenuated over its entive band, This “speactral
LY results in a disturbing speech output if nsed for speech acguisition,

and thus, such a narrowband array is unacceptable for speech applinations.
Another drawhack 05 this narrowband design is that spatial aliastug is evidens
at high frequencies.?

To overcome this problem, one must use a beamformer that is designed
specifically for broadband applicaiions. In this chapter we focus on & spe-
cific elass of broadband beamformers, called constant divectivity heamformers
{CDB), designed such that the spatial response is the same over a wide fre-
guency band. The response of a typical CDB is shown in Fig. 1.6 0p page 15,

There have been several techniques proposed to design o CDB. Most tech-
niques are based on the idea that at different frequencies, a different array
should i'm used that has total size and inter-sensor spacing appropriste for
ney. An example of this idea is the use of harmonically-

* Spatial aliasing comes about ¥ a sensor spacing wider than half & wavelength is
ased. It is analogous to temporsl alissing in discrete-time signal processing.
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nested subarrays, e.g., [3-8]. In this case, the array 18 comaposed of o seb of
nested equally-spaced arrays, with each subarray being designed as a nar-
rowband array. The outpuis of the various subarrayvs are then combined by
appropriate bandpass Bliering. The idea of harmondic nesting i3 1o reduce the
beampattern variabion to that which occurs within s single oclave. This ap-
prosch can be improved by using a set of subarray filters to nterpolate o
frequencies between the subarray design frequencies 6]

A novel spproach to CDB design was proposed by Smith in [T Noting
that, for o plven array, the beamwidsh narrows ab high frequencies, Smith’s
idea was 1o form several beamns and to steer each individual beam in such
a way that the width of the overall multi-beam was kept constant. Thus,
ag the individual besmes narrow at higher frequencies, they are progressively
“fanned” oubwards in an attempt to keep the overall beamwidth constant,
Unless a very large number of beams are formed, ab bigh freguencies thiz
farming will result in notches in the main beam where the progressively nar-
rowar beams no longer overlap. This approach was applied to the design of
microphone arrays in [8).

The firgt approach to CIB design that attempled to keep a constaut
beamppattern over the entire spatial region {not just for the rosin beam)
was presented by Doles and Benedict [9). Using the asviupiotie theory of
unequally-spaced arrsys [10,11], they derived relationships between beam-
pattern cheracteristics and functional requirements on sensor spacings and
weightings. This results in s filer-andesum areay, with the sensor Slters oraat-
ing & space-tapered arcay: at each fraquency the non-zere filter responses iden-
tify a subarray having botal length and spacing appropriate for that freguency.
Although this desipn rechnigue resulis in 3 beampattern that is frequeney-
invariant over a specified frequency band, it is not a general design technigue,
since it is baged on a specific array geometry and beampattern shape. Other
recent technigues for CDB design include [12] {based on a swo-dimensional
Femrier transform property [13] which exists for equally-spaced arrays) and
[14] (based on s beam space implementation).

Prompted by the work of Doles and Benedict, we derived in [15] a very
generad design method for CDRs, suitable for three-dimensional array geome-
trien. In this chapter we outline this technigue, and disenss implementation
issues specilic to microphone array applications.

Time-domain versus frequency-domain héamforming

Thers are two general methods of beamforming for broadband signals: thme-
domain beamforming and fregquency-domain beamforming. In time-domain
beamforming an FIR fier is used on each sensor, and the filter outputs
summed to form the beamformer cutput. For an array with M sensors, each
feadiz . In frequency-domain
beamforming the signal received by each sensor is separated into narrow-
band frequency bins (sither through bandpass filtering or data segmentation
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and discrete Fourier trangform), snd the data in each frequency bin is pro-
cessed separately using narrowband technigues. For an array with & sen-
sors, with I frequency bins within the band of interest, there are again ML
free parameters. As with most beamformers, the method that we describe in
this chapter can be formulated in either domain. A thime-domain formulation
has previously been given in [16], and hence, we restriet our agtention to
frequency-domain processing here,

1.2  Problem Formulation

Consider o lnear arvay of A = 2N+ sensors located at po,n = -N,. .., N,
Assume thas the data received at the nth sensor is separated into sarrowband
frequency bins, each of width Af. Let the center frequency of the éth bin be
Fi, andd denote the frequencies within the bin as

Fyow fy = AFf2, fi+ 81 /2).

The array data received in the dth bin at time &, is given by the M-vector:

o

®

 F

P

Yok +olk)

gnal is represented by s:{k), and the M-vector v;{k) rep-
sing of reverberation and other uawanted

ed soure

resents the interfering nolse {cons
noise sources). The array vector a{d, {1 represents the propagation of the
gignal source to the mray, and its nth element is given by

\ S T ook §
’45\?1(493 f? = e F2rFT pa vos

where ¢ is the speed of wave propagation, and 6 is the direction to the desired
source (meastured relative to the array axis). To simplify notation we will drop
the explivit dependence on b in the sequel,

The beawud oubput s formed by applving a weight vector to the

received array data, giving

yi = wi @, ' (1.1)

where 7 denctes Hermitian transpose, and wy is the M-vector of array
weights to apply to the ith frequency bin?
The spatial response of the beamformer is given by

WO, 1) =wlfald, £, feF, (L

}
J

which defines the transfer function between a souwrce at location § € [—~a, )
and the beamformer output. Also of interest is the beampatiern, defined as
the squared magnitude of the spatisl response.

* Note that it is & notational convention to use w® rather than w’ {1}
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1 Constant Divectivity Beamforning 7

The problem of designing a CDB can now be formulated as finding the
array weights in each frequency bin such that the resulting spatial response
remaing constant over all frequency bins of interest.

Omne simple (but not very lluminating) approach to solving thig problem
is to perform a least-squares optimizadion in each frequency bn, i,

{1.3)

P

min / b (8) — w? aid, §i
Jaw

s,

where be(8) 18 the desived frequency-invariant response. Thus, In each fre-
quency bin there are M free parareters to optimize. Although this is a stan-
dard least-squares optimization problem and the required array weights are
easily found, the solution provides very littls insight into the problem. Specif-
jeally, there is no suggestion of any inherent structure in the CDB, and many
important guestions are left unanswered, such ag how many sensors are re-
quired, and what range of frequencies can be used.

Tn an attempt to provide some insight into the problem of designing a
CDR, we take an alternative theoretical approach i the following section,
and then relate these theoretical results back to the problem of finding the
veuired filter coefficients. As we will see, there s in fact 5 very strong mnplicit
structure in the CDB, and exploiting this structure enables us to reduce the
of design parameters and find efficient implementations.

1.3 Theoretical Solution

Tt is well known that the important dimension in determining the array ve-
sponse is the physical array size, messured in wavelengths, Thus, to obtain
the same beampattern at differens frequencies vequires that the array size
remains constant in terms of wavelength. Specifically, consider a linear ar-
ray with N slements located at p,n = 1,... N, and assume the array
\s are chosen to produce s desired beampattern b(f) at a frequency
Then, at a frequency fu, the same beampattern 4(f) will be produced
i the same array weights are used in an array with eléments located at
pol fifFehom = 1 N In other words, the size of the array must scale di-
rectly with frequency to obtain the same beampattern.® To obtain the same
beampattern over a continuous renge of frequencies would theoretically e
utive & continmam of sensors. '

1.2.1 Continuous sensor

Motivated by this interpretation, we consider the response of a thearetical
continmous sensor, Assume that a signal o{p, £ 15 received at & point p on

R oeprgox . . ¢ s . ) .
* This is precisely the idea ased in the harmonically-nested subarray technique.
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#

the sensor at frequency f, and a welght wip, f1 18 applied to the sensor as
thig point and freguency. The output of the sensor is

»

y(f) = j wlp, £ a(p, f) dp,

and the spatial responge for a source at angle 8 s

{;g\g‘ f} o [’W{E‘?s f) 6‘”:%’3?,{763.‘&}3(3(15 & dp‘ {\1/;;

Wo assume that the aperture has finite support in p, and thus, the integration
hag infisdte Hmits,

Let v = ¢ Y cosh. The response of the continuous sensor can now be
written

by {ae, ) = }/lkw(p,3 Fy e B2mive gy

Tt

s sensor weighting function be given by
3 o i

wip, f} = fB{pf}, 1.5}

sy

where B{-} i3 an arbitrary, absolutely-integrable, Snite-support function, Sub-
stitution glves

by {1, f) = / FB(pf) e~ 2nivv gy, | (1.6}

With the change of variable { = pf. and noting that d¢ = fdp, it i3 casily
seen that the resulting spatial vesponse is now independent of frequency, Le.,

b {ar, f) = ]/ Bl e . (1.7

This is an important result, since it states that if the welghting function
is given by (1.5}, then the resulting spatial response will be independent of
frequency. In other words, {1.5) defines the weighting function for & CDB. It
was shown in [15], that not only does {1.5) provide a sufficient condition, but

it i in fack the necessary condition for a Geguency-invariant spatial response.

1.3.2 Beame-shaping function

Bruation (1.7) defines s Fourler transform relationship between B() and
bes{-). To achieve some desired spatial response, the required function B(()
is thus easily found by taking the inverse Fowrier transform of du). We will
refer to B} as the beam-sheping (BS) function, since it has a fundamental
role in determining the spatisl response.
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1 Coustant Divectivity Beamforming g

Tecause of ite symmetry with respect to space and frequency, the BS
etion can he interpreted as either o filter response at a cextain point,
Le., Hy(f) = Bipf), or equivelently, as an aperture weighting fonetion &t a
certain frequency, Le., Ay(p) = Bipf}).
We will asswe that the BS function iz Hermitis
B*{). This iraplies that the resulting spatial response is real-valued.

1.4 Practical Implementation

Whilst we have shown theoretically that it is possible to produce a beampat-
tern that is exactly frequency-invariant using a continuous sensor, in prac-
Hise we must attempt to approximate such a response using a finite array
of discrete sensors. The problem of approximating a continuous aperture by
a discrete array has been comsidered in [17). Ope simple bub effective tech-
pigue is to approximate the integral in (1.6) using a Riemann sum—4his is
the spproach we take here. In particular, we use trapezoidal integration to
approximate the integral (1.6) by a summation of the form:

®
bslu) = > fBlpaf) e A, (1.8}
ees:mmmy :f\/

Tha

where py is the location of the sth diserete sensor, and by denotes an approx-
imation of by, We assume that the array is Hermitian symmetric about the
origin, so that B{~pf) = B{pf)", and p.n = =Pn. Although the technigue
is suitable for an arbitrary array geomeiny, s syrunetric geometry simplities
implementation, and snsures that the position of the array phase center does
not vary with frequency. The length of the nth subinterval is

A, s Dol T Enel (1.9)

\

2
which we refer to as the spafisl weighting ferm.
Relating {1.8) to the respense of a general array (1.2}, we find that for &
CDB the weight on the nth sensor in the ith frequency bin s

Wy gy == f‘é Fa E{?ﬁfm} {}H”
where, recall, p, i the location of the sensor, and f; is the center frequency
of the hin.

1.4.1 Dimension-reducing parameterization
Define the reference beam-shuping filter response as

}i(“f} = E{p:c{'.f"‘v
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i Ward 28 al.

where pr. I8 some referance lovation (to be defined later). Also define the
beam-shaping filler response of the nth sensor as

n{ f §om AR " 31f}> = "”""2\{7 s VL

It immediately follows that the BS filters satisfy the following dilation prop-
ariy:

Hyl, f} H s :-"nf} » ('i"ig}
where
N Pn
Tip SR
ff‘m

is the dilation factor for the nth sensor. This is an extremely important prop-
erty, since it shows that the filter responses on all sensors can be derived from
the single filter response, H{ ), and enables the following efficient implem
tation of the CDE,

Let the reference BS filber response be given by its standard FIR filter
resentation:

H(f) =3 Wi e /74,
{

where f, is the sampling frequency, and hll] is a L-vector of beam-shaping
cacfficients. From ’4 123, the nth BS Slter response is ;

L 3

3T
reg

= hM d. (5, (1.13)

where ([} is the I-dimensional difution vector for the nih sensor. From
{1.10), we see that the weight fo use on the nth sengor in the ith bin is

Wigp = At £, {1.14)
whore
ﬁﬁ}“ = f-ef‘é‘ud'fi{f@} (11"‘)

is a L-dimensional transformation vector.

Equation {1.14) demonstrates the efficient parameterization atforded by
this particular formulstion of the UDB problem. Whereng the naive least-
squares approsch {1.3) reguires an opfimigam}rr of M pararseters w; in each
freguency bin, we f*mi that it is really only necessary o chooge L frequency-
independent BS parameters h. Changing the beampattern shape only re-
guires modification of these BS coefficients, and the tmplicit structure fm-
posed by the transformation vectors ensures that the resulting response has
constant directivity over the desizn band.

c,A

-10-
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1 Cosstant Directivity Beamforming 11

1.4.2 Befersnee beam-shaping 8iter

The underlying principle of the CDB is that the size and shape of the active
axvay aperture should suale direcsly with frequency. This frequency scaling
operstion is performed by the BS filters. In deciding the coellicients of the ref
erence BS filter, and the location of the referancs point p,... we must congider
thir sealing property in move detail.

Let the chosen aperture sise be ¢ wavelengths., Assuming the array is
symunetric about the origin, this means that 23 any wavelength A, sensors
further from the origin than QA/2 should be nactive. In other words, the
nth sensor should have a low-pass characteristic with a cutofl frenuency of

From {1.13}, note that =, > 1 results in compression in the frequency do-
maln, whereas v, < 1 rvesults in frequency expansion. Bince the discrete-time
freemency rmpmw« H{fY is periodic, it follows that frequency compression
may cause aliasing; this is extremel v umiemmu £, fﬂ}d‘xﬂ;&, can he avolded in
one of two ways. First, choosi <, rest that <, < 1, Vo, thus
avolding sliasing altogether ﬂ}m wever . this mquzmn midmmml constraints on
the reference BS coetficients to impose the low-pass property {1.16). Alterna-
tively, for sensors having v, > 1, the weights w;, are set 10 zero for frequency
hins f; > f,—the reference BS weighis are now potentially unconstrained.
Of these two approaches, the secomd is preferable, since It retoves any con-
atrajnts on the BS coefficients. Moreover, the requirement that the sensor
weights within certain bins are always zero does not complicate implementa-
tinn,

Assume that the frequency response of the reference BS filter i non-zero
for all frequencies up to £ /2, the Nyquist frequency; this is the most general
case of H{f). From (1,18}, it follows that a BeNSOF with non-gero frequency
responae up 50 f, ,/2 would be positionad ab [py| = Qaf Jo. Thus, for the most
general cagse of H{f) the weference Jocation is chosen as

e

The reference B coefficients can be found by using the Fourder transfonm
relationship defined by {1.7). Specifically, the BS function B{{} is found by
taking the Fourier trassform of the desived frequency-invariant spatisl re-
sponse be{u). Setting f = /., B{O) now defines the frequency response of
the reference BS filter, The B coefficient vector b s found uwsing any stan-
dard FIR filter design technique. In practise, low-order implementations of
the reference BS Hlter are generally $0 be preferred; this point is demonstrated
in the following section.

-11-
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1.4.3 Sensor placement

The most common geometry for array processing applications is fypically
an equally-spaced array, usually with a spacing of one half-wavelength at
the highest frequency of operation. Although such a geometry is valid for a
1B, less sensors are reguired if a logarithmically spaced array is used. In
choosing an appropriate sensor geometry, the most important consideration
is o ensure that at any Frequency spatisl allasing is avoided.

The idea is to start with an equally-spaced array that is used b the highest
squency, and then progressively add more sensors with wider spacings as
frequency decreases {and the wavelength increases). At any frequency [, the
total active aperture size should be e/ f, and the largest spacing within the
active arvay should be ¢f{2f). These vequirements are met {using the least
munber of sensors) with the following symumnetric arvay geometry:

"

W

L

P =0 << {2 {lmag

2’ R

Q ¢ T To) WRY
Dbl = W Ty B o Ty W::fzm {1181

1.18¢c

P

e

Fon T D

Note that a harmonically-nested subarray geometry s only produced if ¢} = 2.

1.4.4 Bummary of implementation

1. Choose a ses of L reference BS coefficients, .
2. Position the sensors according to {1.18a}-{1.18¢).

3. In the 4th frequency bin, the weight on the nth sensor is

Wi = A,

i
whare

o ffidndn{fi}: fb < fn
g, otherwise,
fo 20
T pd
Prgt ™ Prod
2
{MJ’“"” f»'}f\"'\.’"ﬂ (Z’ ;'>fz e,,‘“j??’.’f,’,fb— e (}*" }} !(2}

dn{fi) =

Y T
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1 Counstant Direvtivity Beamforming 13

1.5 Examples

We now show an example of the CDB design technique. The design was for
2 bandwidth of 300-3000 He (e, the same handwidth as used in Fig. 1.1},
with an aperture sise of (F = 4 Wav@}mvthﬂ Using an FFT size of 128 resulted
in 44 bing within the dv«.xyp band, with sach bin having a width of 62.5 Ha.
The sensorg were positioned according to (1.18a)-{1.18¢c}, resulting in the
Af = 25 sensor array geometry shown in Fig. 1.2, For frequencies of 1000 Hz
and 2000 He, the active sensog ave also indicated in this fgure.

o £ @ L3 0 @ % ARIENVEERG A & B B w - » ®

fa 1003 2

~2.5 i ~3.5 ~1 -5 U 5 1 1.5 2
POSITION im

bt
&

Pig. 1.2, Array geomelry used for example CDB.

Assume we wish to design a standard sinc-like response (as produced
by a uniformly weighted aray). In this case it is koown thab the aperture
funcimn imu d l umiorm Thilb th@ B‘S fimi‘ﬂ{)n B @hmdd ideall ¥ be a

Bb fmqufsm,y respohses &
weight required ab each fz‘?cgufsm*v is i -‘~§ "\uio Iwﬁ; ihesw re*:pfmsw are
all dilations of a single response, and that each has a low-pass characteristic.

Using these BS coefficients, the resulting spatial response of the CDB is
shown in Flg. 1.4, Although the variadion is not as greab as for the nwrrow-
‘nm& design in Fig. 1.1, the spatial responss in Fig. 1.4 is far from frequency

aviant. Why is thig? The answer lies in the fact that the BS frequency
response has & very sharp ousoff. Consider s single sensor. At low frequencies
the sengor is always on. As Troquency increases, there will come g point where
the sensor will suddenly turn off, and at this frequency the sperture abruptly
changes sive. This abrupt change in the active aperhbue canses the alp
appearance of the spasial response in Fig, 1.4

Now, returning to the problem of designing the BS coefficients for the
desired uniform spatial response, sssume we design the BS wvector h to ap-

-13-
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Fig. 1.3. Frequency responses of the weights on each sensor.

=i &

PaTial RESPONSE
=
3

ERECUENCY (Hz)

AMOLE {tngrass)

Fig. 1.4. Spatial respouse of example CDB.

progimate

an ideal low-pass flter using only L = 21 filter coefficients. This
results in the RS frequency responses gshown in Fig. 1.5 T comparing this fig-

ure with Fig. 1.4, notice that the frequency respon
cutotf

s exhibit & move gradual

-14-



Phoebe.Wong
Sticky Note
None set by Phoebe.Wong

Phoebe.Wong
Sticky Note
MigrationNone set by Phoebe.Wong

Phoebe.Wong
Sticky Note
Unmarked set by Phoebe.Wong


1 Constant Directivity Beamforming
12

18
s : .
1 K 5 ~,
i % 5
R Y
F
S
& I O R
= IR B T i
= P §
2O L
b4 SN
= SRR
L
oa- i
]
\
|
. R N . .
o o dE0  PoaD 500 30KG - BROR 40D
FRECUENGY (Hz

Pig. 1.5. Frequency responses of the weights oun each sexsor,

o8-

EPATIAL RESPONBE
: I
E

el
b

gl

FREQUERCY (H2)

AMGLE (degrees)
Fig. 1.6, Spatial response of example CDRE.

Using these 21 BS coeffic

jents, the resulting spatial response of the CDB is
shown in Fig. 1.6, In this case the spatial response shows very little variation
with frequency. This dermonstrates thas one should take careful eonstlaration

-15-
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18 Ward ¢f al.

v the discrete

of how well the undsrlying function can be approximated b
arrey when choosing the requived BS function.

1.8 Conclusions

Conmtont-directivity beamforming is » useful technique for spatial filtering
in broadbhand signal enviromments in which the desired signal and the inter-
ference sigrals cover approximately the same bandwidth. In this chapter we
have developed a technigue for designing a UDB, and shown that there is
an efficlend parameterization and underlying structure exhibited by a CDB.
The greatest drawback of & CDB in microphone arvay applications is that
the size of the array is related 1o the lowest frequency of operation. Thus,
producing an srray that has a frequency-invariant spatisl regponse down 1o,
say, 300 Hz may require an array that is several meters long. In all but the
largest roons this is impractical. However s constant spatial response can be
readily achieved for mid and high fequencies {above say 1000 He) using an
array with o total siee of less than a meter. For the lower frequencies, othey
methods {such as the superdivective technigques described in the following
chapter} are probably more appropriate.
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Beamforming

5 Hobust Adaptive

Osamu Hoshuvama and Akihiko Sugiyvama

NEC Media Research Labe, Kawasaki, Japan

Abstract. This chapter prosents robust adaptive beamforming technigues designed
specifically for microphone arvay applcasions. The bagics of adaptive beamform-
ers are first veviewed with the Griffiths-Jim beawoformer (GIBF). Its robustness
problems cansed by steering vector errors ars then disvussed with some convention-
ally proposed robust beamformers. As hetter solutions o the conventional robust
heamformers, GIBPs with an adaptive blocking matrix are presented in the form of
» microphone array. Sbhoelation results and resl-iime evaluation data show that &
new robust adaptive micropbone areay achieves inproved robustness against stear-
ing veckor errors. Good sound quality of the outpué signal is algo confirmed by a
subjective evaluation.

5.1 Introduction

Geanforming is a technique which extracts the desired signal contaminated
by interference based on directivity, Le. spatial signal selectivity [1]-[51. This
extraction ks performed by processing the signals obtained by multipls sensors
such as microphones, antennas, and sonar transducers located at different
positions in the space. The pzmmp‘iﬁ of hemmforming has been known for a
long time. Because of the vast amount of necessary signal processing, most
research and development effort has been focused on geclogical investigations
and sonar, which can afford a higher cost. With the advent of LEI technology,
the required aount of signal processing hes become relatively small. 3&*3 23
result, a variety of research projects where acousiic beamforming is ag
1o consumer-oriented applications, hove been carcied out {61

Applications of bearnforming include microphone arrays for speech en-
hancersent. The goal of speech ephancement I8 to remove undesirable sig-
nals such a8 noise and reverberation. Among research areas in the field of
speech enhancernent are teleconferencing [7}-[8], hands-free telephones [9]-
{11], hearing aids [12]-[21}, speech recognition [22}-[23], intelligibility improve-
ment [24]-{25], and acoustic measurement [26].

Beamforming can be considered as multidimensional signal processing

n space and time. Ideal conditions assumed in most theoretics] discussions

are not always wmalntained. The target DOA {(direction of arrival}, which iz
assumed to be stable, does change with the movement of the speaker. The
sensor gaing, which are assumed uniform, exhibit significant distribution. As
a result, the performance obtained by beamforming may not be as good as
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18 Hoshuyama and Sugiyama

is expected. Therefore, yobustness against steering-vector errors cansed by
these array imperfections are becoming more and more Important.

This chapter presents robust adaptive beamforming with the emphasis
on microphone arrays as its application. In Section 2, the basicx of adap-
tive bearnformers are reviewed with the Griffiths-Jun beamformer (QJBF)}.
Section 3 discusses robustness problems in the GIBF. Robust adaptive micro-
phone arrays as solutions to the robustness problem ave presen ted in Soction
4, Finally in Section 5 evaluations of a robust adaptive micro phone array are
presented with simulation results and real-time evalustion data.

.2 Adaptive Beamformers

A beamformer which adaptively forms its directivity patiern is called an
sdaptive beamformer. Tt simultancously performs beam steering and null
steering. Tn most acoustic beamformers, however, only mull steering is per-
formed with an assumption that the target DOA i known @ priori. g
to adaptive processing, deep nulls can be developed even when errors in the
propagation model exist. As a result, adaptive beamformers naturally exhibit
higher interference suppression capability than its fixed counterpart. Among
various adaptive beamformers, the Griffiths-Jim beamformer (GIBF) [27), or
the generalized sidelobe canceler, s most war}p}} knowsn.

Figure 5.1 dfﬂpﬁ,m the structure of the GIBE. It comprises a fixed beam-
former (FBF), a multiple-input canceler (MY, and » Blocking matrix {(BM).
The FBF is designed to form a bears in the look direction so that the target
signal is passed and all other signals are attenuated. On the contrary, the BM
forms a null in the look direction so that the target signal is suppressed and
all other signals are passed through.

The simplest structure for the BM is a delay-and-subtract beamforn
which wag described in the previous section. Assuming a look direction per-
pendicular to the array surface, no delay element is necessary. Thus, a set
of subtracters which take the difference between the signals at the adjacent
I}’,},)i{:’z‘(}phﬂnﬁx ean be used as a BM. This steucture is actually the one shown
in Fig. 5.1. The BM was named after its fumetion, which is to block the target
signal.

The MC iz composed of multiple adaptive filters each of which is driven
by a BM output, z,(k) (n=0, 1, - -+, N~ 2). The BM outpuis, 2,{k}, contain
all the signal components except that in the look direction. Based on these

signals, the adaptive flters generate replicas of components correlated with
the interferences. All the replicas are subtracted from a delayed output signad,
Bk — Ly),) of the fixed beamformer which has an enbanced target signal
COmpoty . As a result, in the subteacter output (k) the target signal is

T The L;wampip delay is introduced o compensate for the signal processing delay
in the BM and the MO
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5  Robust Adaptive Beamforming 39

Microphones

Cutput

Fig. 8.1, Griffiths-Jim beamformer. It eomprizes a fixed beamformer (FBF), a
multiple-input canceler {(MC}, and o blocking matrix (BM).
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Fig. 5.2. Example divectivity pattern of the Griffiths-Jie beamformaes.
¥y

enhanced and undesirable signals such ag ambient noise and interferences are
suppressed.

The GJIBF can be considered as an adaptive noise canceler with multiple
reference signals, each of which is preprocessed by the BM. In an adaptive
noige canceler, the awxiliary microphone is located close to the noige source
to obtain a best possible noise reference. On the other hand, the BM in the
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Fig. 5.8, Directivity pattern of 2 foced hesmformer (FBF} and a blodking malrix

GIDF extracts, with its directivity, the signal components sorrelated with

the noise.

Figure 5.2 depicts an example divectivity pattern obtained by the GIBEF.
In the direction of the target signal, almost constant gains close to 0 dB are
obtained over o wide range of frequencies. On the rontrary, in the direction
of the interference, a deep null is formed. Although the directivity has fra-
quency dependency, targer signal extraction an ¢ interference suppression are

signultaneousty achieved.

With the same microphone array, adaptive beamformas g
hetter interferonce suppression than fived beamformers. This
harper than bears. The effect is demonstrated in Fig. 5.3, where direc-
ity patterns of the FBF and the BM are ilustrated. The null of the BM
and the main lobe (beam) of the FBF are located in the target direction. It
is aleo clear from the figire that they are orthogonal to each other. The BM
in Fig. 5.1 has a simple delay-and-sum structure; however, a filter-and-sum
bearmformer [28,28] may also be employed.

werally achiove
s becanse nulls

5.2 Robustness Problem in the GIBF

The QBT suffers from target-signal cancellation due 1o steering-vector er-
rors, whirh is caused by an undesirable phase difference between wnik) and
g (k) for the target. A phase error leads to targe siprial leakage into the
BM output signal. As a result, blocking of the target becomes incomplets,
which results in target sipnal cancellation at the microphone array outpu.
Steering-vector arvors are inevitable because the propagation model does
not always reflect the nonstationary physical environment. The steering ven-
ror is sensitive Lo errors in the microphons positions, those in the microphone
charscteristics, and those in the assumed target DOA {which is also known
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5 Rebust Adaptive Beamforming a1

a8 the look direction). For teleconferencing snd hands-free commumnication in
the car, the ervor in the assumed target DUA is the dominant factor,

A variety of technigues to reduce target-sigoal cancellation have been pro-
posed mainly in the field of antennas and radars. The beammdormers with these
technigues are cal Eed robust beamfvrmers. Typical approaches are reduction
of the target-signal leakape in the BM outputs and restraint of coefficient
growth in the MC. ’E‘ha former can be considered as a direet approach which
reduces the target leakage in the BM output. The latter takes the form of an
v mpp??fidd_l. Fven i there s target leakage in the BM cutput used as
VO tnput, the MO trie e ibs nfluence, ‘

Technigques to reduce target-signal leaksge include:

e Target Tracking: The look direction is steered to the continuously esti
mated DOA [301-32]. Mistracking to iserference may occur in the ab-
sence of a tarpet signal.

s Multiple Constrains in BM: Multiple constraints are imposed on the BM
80 that signals from multiple DOAs are oliminated [33]. To compensate
for the loss of the degress of fresdom for interference reduction with a
large TYOA error, additional microphones are neede

s Congtrained Gradient for Look-Direction Sensitivity: {;m dient of the sen-
sitivity at the look divection is constraived for a smaller variance of the
sensitivity [34,35]. For a large error, loss in the degrees of freedom is
inevitable,

» Improved Spatial Filter: A carefully designed spatial filter s used to elim-
inate the target signal [28] Such a spatial filter also loses degrees of froe-
domm.

- Techniques that astempt to restraint excess coefficient growth include:

e Noise Injection: Artificially-generated noise i8 added to the error signal
used to update the adaptive flers in the MO, This noise causes srrovs in
the adaptive filter coeflicients, preventing tap coefficients from growing
excessively | A higher noise level is needed to allow a larger look-
direction error, resulting in less inferference suppression.

s Norm Constraint: The coefficient norm of the adaptive filters in the MC is
comstrained by an inequality to suppress the prowth of the tap coefficients
1371, In spite of its simplicity, interforence reduction is degraded when the
constraint ix designed to allow a large ervor.

s Loaky Adaptive Alporithm: A leaky cocfficient adaptation algorithre such
as leaky IMS iz used for the adaptive filters in the MC [28]. A large
lenkage is needed 1o allow a large losk-divection error, leading o degraded
interference-reduction.

» Adaptation Mode Control: Coeflicient adaptation in the MC is controlled
56 that adaptation is carried out only when there is no target signal [38].
If there is no target signal when coefficlends ars adapted in the MU,
the targes leakage, if any, will bave no effect on the performance of the
beamformer.
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Fig. 5.4, GIBF with a LAP-LAY Structure.

These methods have heen developed for a small look-direction ervor, Iyp-
ieally less than 10 degrecs. In the case of microphone arrays, the variance
of the target DOA is typically much larger than in antennas and radar ap-
plications. No single conventional techmigue for robustness is sufficient for
microphone arrays with a larger phase eImers,

5.4 Robust Adaptive Microphone Arrays — Solutions
to Steering-Vector Errors

5.4.13 LAFLAF Structure

A target-tracking method with leaky adaptive filiers (LAF) in the BM was
proposed as a solution to farget signal cancellation in {38 It is combined
with leaky adaptive filters in the MC (28], thereby called a LAF-LAF struc-
ture. Figure 5.4 depicts its block diagram. The leaky adaptive filters in the
RM alleviate the influence of phase ervor, which results in the robustness.
This structure ran pick up a target sigoal with little distortion when the
error hetween the actual and the assumed DOAs is not small. It does not
need matrix products, and provides easy implementation. The nth output
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5 Robust Adaptive Besmiorming 93
za(k){(n= 0,1, ..., N — 1) of the BM can be obtained as follows:
2alk) = ap(k = La) — by (R)B{R), (5.1)
hn‘:k} &= [he‘z,!'}{.‘;:}s h’ﬂ., i (;@; sy h?’x,ﬁ-‘&~i {k}iyw {52}
bk & b(E), bk~ 1),... bk — My + 117, {

A Ed

where [17 denotes vector transpose and z,, (k) is the nth microphone signal.
Iy is the number of delay saraples for causality, Tun (k) s the coefficient vector
of the nth LAF. and b(k) is the signal vecior consisting of delayed signals
of b{k) {which is the FBF output). Bach LATF is agsumed to have Ay taps.
The adaptation by the normalized LMS (NLMS) algorithm [40] is described
a8 follows:

By, (k1) = (k) — 8 he (k) + csw{?-?‘--lm)%w%){}:}, (5.4}

where o is the step size for the adaptation algorithi, and &0 <8 < 1,15 the

leakage constant.
LAFs are also used in the MC for enhancing the robusiness obtained
in the BM. The LAFs prevent undesirable target-signal cancellation cansed

by the remaining correlation with the target signal in 2z, (k). Tap coefficient
vectors w,(k) of the MC have M, taps snd are updated by an equation
similar to (5.4}, where h,, b, and z,,(k) are replaced with w,,, 2., and ik},
respectively. The leakage constant & and the step sige ¢ are replaced with v
and # respectively, and may take different values from those in (5.4).

With the LAFs in the BM, the LAF-LAF structure adaptively controls the
ook direction, which s fixed in the GIBY. Due to robustness by the adaptive
contrel of the look direction, the LAF-LAF structure does not Inge degrees
of freedom for interference reduction. Thus, no additional microphongs are
required compared to the conwentiomal robust beamformers., Target signal
leakage in the BM is sufficiently small to use a rinimum leskage congtant ¥
in the MO even for a large look-direction error. Such & value of v leads to
a higher interference-reduction performance in the M. The outpui of the
LAFs ave summed and subtracted from au L; sample delayed version of the
FRF output to generate the microphone array output ylk}.

The width of the allowable DOA for the target is determined by the
leaky constants and the step sizes in both the BM and the MC. Generally,
smnaller values of these parameters make the allowable target DOA wider. The
sliowable DOA width for the target is not a siraple function of the parameters,
however, and 18 not 2asy 1o preseribe. 1t i reported [38] that the i ferforence
is attenuated by more than 18 dB when it is designed, through simulations,
to allow 20 degree directional error. Tracking may not be sufficiently precise
for a large tracking range. Thus, there is & trade-off between the degree of
target-signal cancellation and the amount of interference suppression.
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Tk 33 |

| W0: Multiple
: input Canceller

%

Fig. 5.5, GIBF with a CCAFLLAY Structure.

5.4.2 COCATF-LAF Structure

A more offective solution is to use coefficient-constrained adaptive filters
(CCAFs) in the BM [41,42]. When combined with leaky adaptive filters in
the MO as depicted in Fig. 5.5, the result is called a CCAT-LAF structure.
CCAFs behave like adaptive noise cancelers. The input signal to each COAY
is the putput of the FBE, and the output of the CCAF is subtracted from the
delaved microphone signal. The CCAF coellicient vectors b, (k) are adapted
with constraints. Adaptation by the NLMS algorithm is described as follows:

Woalk+1) = ho k) + o bk {5.5)

for W (k+1) > ¢,
W, for W' {k+1) <9,

&Y

b, (k+1), otherwise

. & ; T
‘wi}n - &%z,i}; ‘}’-!’ﬂ:,i PR TN TR ¥ I

b S b . b i X
Wy, == n,,@::?f'?!,}g”” )?Q'ﬂ‘:)ﬁi}wzé

where each CUAF is asswmed to have M, taps and B’ {k+1) is 5 tewporal
coefficient vector for limiting functions. @, and v, ave the upper and lower
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5  Hobust Adaptive Beawdforming a5

bounds for coefficients. In the cutput signal 2, (8}, the components correlated
with b{k) are cancelled by the CCAFs.

Fach coeflicient of the COAFs is constrained based on the fact that filter
coefficients for target-signal minimization vary significantly with the target
DOA. An example of filter-coefficient variation is illustrated in Fig. 5.6. By
the design of the constrained regions of the COAF coefficients, the maximum
allowable look-direction error can be specified. For example, when the CCAF
eoefficients are consteained in the hatched region in Fig. 5.6, up to 20° error
i look direction could be allowed. Only the signal that arvives from a DOA in
the limited DOA region is minimized at the outputs of the BM and romains
at the output of the MC. If no ipterference exists in the region, which is
common with microphone arrays, no 1113‘9‘[1 adxmg oceurs. For defadls on the
design of upper and lower bounds, refer 1o [42].

Figure 5.7 illugirates a gqualitagive cumpamorx hetween the LAF and the
CCAF with respect 1o look-direction error and coefficient error from the

optimum for signal blocking. Both the CUAF and the LAF give error char-
acteristics approximating the ideal nonlinearity for target tracking. However,
the votlicient prror of the CCAF is a better approximation to the ideal non-
linearity than that of the L &

AF as shown by Fig. 5.7, The voeflicient error
of the CCAF becomes effective only when the look-divection error excends
the threshold, otherwise it has no effect. On the other hand, the coefficient
error of the LAY varies continuously with the lock-direction ervor. Therefore,
the COAF leads to precise target tracking, which results in sharper spatial
selectivity and less target-signal cancellation.

542 CCAFPNCAF Sirocture

It i possible to combine the BM with CCAFs [42] and the MC with norm-
constrained adaptive filters (MCAFs) (37, This is a CCAF-NCAF strue-
fure [43]. NUAFs subtract from bk — L) the components correlated with
Zp{k) {rn=10, . N —1}. Let M, be the number of taps in each NCAF, and
let wo (k) and 2, (k) be the coefficient vector and the signal vector of the nth
NCAF, re@pacs;ive}y, The signal processing in the MC is deseribed by

ylk) = bk~ L) = 3 wh(Bz. k),

S
or
i

S

Bl
where
wa (k) & P p{k), 1&5&} oy W M1 (\k}]?‘; {5.10)
zﬂ{k}iixzns%ﬁ w13, .ozl My + 1] {5.11)

-95.



Phoebe.Wong
Sticky Note
None set by Phoebe.Wong

Phoebe.Wong
Sticky Note
MigrationNone set by Phoebe.Wong

Phoebe.Wong
Sticky Note
Unmarked set by Phoebe.Wong


0.8 7 1

e 3deg.
wEeees 20deg.
e - - $0dEg.
A (118G,
e e e (edE.
R 200G
L 0dey

R,

oo e o

Tap Coefficient
o o
] %] oY

&
3]

‘%Gdeigm Qdsg,

4 8 8
Tap Indexn
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Fig. 5.7, Comparison of selectivity in LAF and CCAF.
¥

Coefficients of the NCAFs are updated by an adaptive algorithm with & oorm
constraint. Adaptation with the NLMS algorithm is cribed as follows:

foa 22 K
‘wtherwise,
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5 Robust Adaptive Beamforming 97

where 3 and w/, are a step size and a temporal vector for the constraint,
respectively. £2 and K are the total squared-norm of wo{k) and a threshold,
If 17 exceeds K, wy{k + 1} are restrained by scaling. The norm constraint by
scaling restrains excess growth of tap coefficients. The restraint inhibite the
undesirable target cancellation when the target signal leaks into the NCAF
inputs. If the outputs of the BM have no target signal, the MO cancels only
the interference signals. In this ideal case, a norm constraint in the MO is not
neaded. However, complete rejection of the target signal is almost impossible
in the BM, beeause actual environments have reflection and reverheration,
To completely cancel the targst signal in a reverberant environment, more
than 1,000 taps are needed for each CCAF in the BM. Such a large number of
taps leads to slow convergence, large misadjustment, and increased compu-
tation. Bven with a high-speed processor and a fast convergence algorithim,
misadjustment with the adaptive filters is inevitable. Adaptation with @ low
signal-to-interference ratio (SIR) causes additional misadjustment by the in-
terference, which leads to leakage of the target signal at the BM outputs,
Therefore, to avoid the target signal cancellation by leakage, a restraint with
the MO such as the NCAF is essential, Because the CCAF-NCAF structure
loses no degrees of freedom for interference reduction in the BM, it is robust
to large look-direction errors with a small number of microphones.

54,4 CCOAFNCAY Structure with an AMOC

Adaptations in the BM and in the MU should be performed alternately.
This is because the relationship between the desired signal and the noise for
the adaptation algorithm in the BM is contrary to that in the MC. For the
adaptation algorithm in the BM, the target signal is the desived signal and
the noize is the undesired signal. Tu the MC, however, the noise is the desired
signal and the target signal is the undesired signal.

In the robust adaptive beamformers discussed so far, it was tmplicitly
assumed that adaptive filters in the BM are adapted only when the target is
active and those in the MO are adapted only when the target is inactive. In
a real environment, however, the sitnation is not so simple, since invorrect
adaptation of the BM may esuse incoruplete target blocking. As a result,
the MO directivity may have a null in the direction of the target signal,
resulting in target-signal cancellation. Combined with target tracking by the
BM, adapting coefficients only when the target signal is absent is an effective
strategy for adding robustness to adapiive beamforming [38}-{45]. Tn order
to diseriminate ackive and inactive perinds of the targst, an adaptation mode
vontroller {AMC) is necessary.

The CCAF-NCAYF structure with an AMC [46] depicted in Fig. 5.8 uses
a mixed approach of the BM with CCAFs, the MC with NCAFs {37], and an
AMC. A BM eonsisting of COAPs provides a wider null for the target with
sharper edges than leaky adaptive filiers. An MC comprising NCAFs reduces
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5 HAobust Adaptive Beamforming 49

The AMO controls adaptation of the BM and the MC by target-signal
detection based on an estimate of the SIR [46]. The 8IR is estimated o5 a
power ratio of the output signal (k) of the FBF, to the output signal ok
of the BM. The main component in the FBEF output is the target signal and
that in the BM output is the noise. Therefore, the power ratio s{&) can be
considered as o divect estimate of the SIR. When the ratio iz larger than a
threshold 7, the adaptasion of the BM is performed. Otherwise, the MC is
adapted.

5.5 Software Evaluation of a Robust Adaptive
Microphone Array

The GIBF with COAF-NCAF structure combined with an AMC (GJBF-
ONAY was evaluated in a computer-simulated anechole environment and in
a real environment with reverberation. In the former enviromment, it wag
compared with eonventional beamformers in terms of sensitivity pattern. In
the latter environment, it was evaluated objectively by SIR and subjectively
by mesn opinion score (MOS).

BT * : ¢ ¥ s :
A Fixed Bewmnlormer  + O Nomm Constrained
8 GuIBF - D Proposed
N ‘

2y b
¥ §L

ad Output Powey (0B

ﬁ -4 © WAl P———r d B
2 Aliowzble target

hemction soros

i : H B L

S0 26 40 e &G
noof Ardval @ idegrees!

Pig, 5.9, Normalized cutput power after convergence as a funciion of THOA.
% i (A

5.5.1  Simulsted Anecholc Environmment

A four-channel equi-spaced hroadside array was nsed for these simulations.
The spacing between microphones was 4.1 om . The sampling rate was & klz.
The FBF used was a simple beamformer whose output is given by

1 N1
bk) = 5 2, @), (5.15)
=
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16 Hoshuyama and Suglyama

The first simulation lnvestigated sensitivity {after convergence) as a func-
tion of the single-sided DOA. Bandlimited (0.3-3.7 kHz) Gaussian signals
were used, and the assumed target divection was 0°. The maximum allowable
target-direction error was 20°, unless otherwise stated. The vumber of coef-
ficients for all the CCAFs and all the NCAFPs was 18, The parameters were
Fa=10, Ly=5, K=10.0, a=0.1, and F==0.2. The constraints of the COAF were
set based on the arrangement of the simulated arvay and maximur allowable
target-direction errors. Total outpast powers after convergence, normalized by
the powsr of the assumed target divection, are plotied in Fig. 5.9.

The plots are of the FBF (FBF), simple GJBF [27] (GIBF}, norm con-

ke

straived method [37] (Norm Constrained), and the GJBF-CNA {Proposed).
The solid line I¥ shows that the GIBEF-CNA achieves both robustness against

20° target-direction error and bigh interference-reduction performance (which
st of the band-
Hinited Gaussian signal have been obtained {431 The directivity pattern of
the GIBF-CNA is slightly degraded for & colored signal. However, the degra-
dation by the norm-constrained method is maore serious. This fact shows thab
the GIBF-CNA exhibits robustness to the power specirum of input signal.

vd
fac

2 e P aTet + !

& .,)zfu?“ifv . 30 000Kz

B 1000H: £ 9500Hz
o 2000z -

i , |t
Alinwable target {%; ol
sfirgotion aror ;f S
H B H :‘& :

Mormalized Dutpid Power (48]

B0 60 40 25 U 3 40 8D 8D
Craction of Ardval @ degrons)

Fig. 5.10. Sensitivities after convergenve 2 a function of DOA at different froquen-

cles,

Frequency dependency of the directivity pattern iz shown in Fig. 510
In this figure, sensitivities to the frequeney component of the target signal
are plotted. Frequency dependency of the GIBF-CNA is small, and thus,
the GUBF-ONA iz suitable for broadband applications such ag microphone
arrays. The widths of the high-sensitivity regions are almost the same as the
allowable target-divection ervor {~20° < § < 207} and the sensitivity in the
region is comstant.
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5 Robust Adaptive Beamforming i

In the sevond sinaulation, sensitivities for differant 8IRs were investigated.
The simulation was performed with amplitude control that was similar 10 a
realistic scenario. A target signal source generated a band-limited white Caus-
sian signal for the fivst 30,000 iterations and then stopped. This is » simple
simulation of burst characteristics like speech. Another bandlimited white
Gaussian signal, which imitates an interfersnce like airconditioner noise, ex-
isted throughout the simulation. The BIR is defined as & power ratio of the
two signals, The of signal source was placed about 107 off the assumed
target DMOA and the DOA of the interfering signal source wag scanned.

Figure 5.11 shows normalized output power after convergence as & fune-

indicates that the target-signal at the output of the BM is sufficiently mini
mized for the overall robusiness. Therefore, when SIR is higher than about
10dB (which is lower than a typical SIR value expected in teleconference) the
interforence is suppressed even if i arrives from a direction in the allowable
target DOA region. When the interference comes from outside the allowable
target DOA region, even an SIR of 0 4B causes almost no problem in the
GIBP-CNA.

Finally, Fig. 53.12 shows the tofal output powers for various coeffcient
constraints with the UCAFs, The signal was bandlimited white Gaussian
noige, The allowable target-direction ervors arve approximately 4, §, 9, 12, 16,
and 20 degrees. These lines demonstrate that the allowable target-direction
ervor can be specified by the user,

5.5.2 Beverberant Environment

Strmulations with real sound data captured in a reverberant environment ware
also performed. The data were recorded with & broad-side linear array. Four
omni-divectional microphones without calibration were mounted o 2 univer-
sal printed circuit board with an equal spacing of 4.1 cin. The signal of sach
nicrophone was bandimited between 0.3 and 3.4 kHz aned sampled at 8 kHz.
s pnber of taps was 16 for both the CCAF Fa,

Figure 5.13 illustrates the arrangement for scund-data acguisition. The
target source was located in frond of the arvay at a distance of 20 m. A white
noise source was placed about § = 45° off the target DOA at a distance of
2.0 m. The reverberation time of the room was about 0.3 second, which is
common with actual small offices, All the parameters except the step-sizes
were the same as those in the previous subsaction. The farget source was an
English male speech aignal.

Objective Evaluation

Output powers for the FBF, the GIBE [27] (GIBF), and the norm-constrained
method [37] (Norm Constrained) after convergence are shown in Fig
The step-size o for the CCAFs was 0.02 and § for the NCAFs was 0.004.
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Fig. 5.11. Normalized output power after convergence as a fanction of DOA with
different BIRs.
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Fig. 5.12, Normalized oufput power after convergence for different allowable target
direstinns.

These step-sizes were selected so that breathing noise snd cancellation of the
target signal ave sufficiently small subjectively. All other parameters wersg
selected based on the microphone arrangeroent. If there is any difference be-
tween trajectory A and any of B, C, D, E, or F when the voire & active
{(sample index from 1,720,000 to 1,740,000, the target signal corresponding
to the trajectory is partially cancelled. The FBF (B} causes almost no target-
signal cancellation. With the GJBF (C), cancellation of the target signal is
gerious. With the the norm-constrained method (D), and the GIBF-CNA
(E), the cancellation of target signal was 2B, which is subjectively small.
The cutput powers during voice absence {after sanple index 1,760,000
indicate the interference-reduction ratio (JRR). The IRE of the FBF iz 3dB,
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Fig. 5.138. Experimental set-up.
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Fig. 5.14. Output Powers for & male speech signal snd white noise.

and that of the norme-constrained method is 84, On the other hand, w»
the GIBF-CNA (F), the IRR is as much as 189dH.

Hubjective Evaluation

MOS8 evaluation by 10 nonprofessional subijects was performed based on [47].
As anchors, the signal recorded by a single microphone was used for grade 1
and the original male speech without interference for grade 5. Subjects were
instructed that target-signal cancellation should obtain a low score.
Fvaluation results are shown in Fiz. 5.18. The thick horizontal line on
each bar and the number on it represent the gcore obtainad by the corre-
sponding method. The verticsl hatched box on each bar indicutes & one
standard deviation. The FBF obtained 1.7 points because the number of
microphones is so small that its IRR is low. The GIBF reduced the interfor-
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ence considerably with serious target signal cancellation, thus, It was grored
2.8 points. The norm-constrained method was scored 2.8 points for ity HdB
interference-reduction capability. The GIJBF-CNA obtained 3.8 points, which
is the highest of all the beamformers.

5.6 Hardware Evaluation of a Robust Adaptive
Microphone Array

5.6.1 Implementation

The GIBP-CNA was implemented on a portable and flexible DEP system
shown in Fig. 5.16 [48,49]. The syster comprises & microphone arvay and
a compact touch-panel personal computer which inciudes a Hosting point
DSP, the ADSP-21062 [50]. The DSP contains a dual on-chip 2-Mbit SRAM
and allows 32-bit TEEE foating-point computation. The sampling rate was
software-programuned at 8§ kHz,

The DSP board has a POT (Peripheral Component Interconnect ) interface,
therefore, it can be connected to the PCI bus of any personal computer. A
graphical interface has been developed to facilitate cage-of-use and monitoring
of the implemented GIBF-CNA. It provides interactive parameter gelection
and displays the input and the output signals powers as well a9 the filter
coefficients. This graphical display is useful for demonstrating the behavior
of the GIBE-CNA and its performance. The system is shown in Fig. 516

%.6.2 Ewvaluation in a Real Environment

The GIBF-CNA in Fig. 5.16 was evahuated using the same linear microphone
array ag in the previous section. The selected step sizes were 0.02 for the ABM
and 0.005 for the MC. The threshold 5 = 0.65 waz used for the AMC. All
other parameters were the same as those in the previous section.
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Fig. 5.18, Healtime DEP system,

1

& Single Microphone
8; Oelay-and-Sum Beamformer
C: CUAFLNOAF+AMC

o
e
i

&

¥ wen .
RS e 8 0ttt s - st s |

&

YNnevvia,,
Trewe,

]
sseds
Lk

Y
=4
£

Normalized ODutput Power [dB]

8 10 20 30 40 59
Direction of Arrival [degrees]

Fig. 5.17. Directivity patterns (Le., the output powers normalized by the power at
the conter] measured in S-degree intervals,
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106 Hoshuyamae and Sugiyama

Divectivity
Dhivectivity for a single signal-source was messured. A white-nolse source was
seanned in two directions from $° to 50° at a distance of 2.0 m from the
arcay. Dubput powers of the system wera measured in 5-degree intervals, and
compared with those of a single microphone and an FBF {(delay-and-sum
besmformer). Figure 5.17 shows the outpul powears i crmanlized by the power
soure indicates that the GIBF-UNA can suppress the

at the center. The Hig
nterference at § = 30° by as much as 15 AR when the allowable target DOA

is set to 420 degrees.

Moise Reduction

Noise reduetion capability was eyaluated m the sames room a8 that for direc-
tivity evaluation, There were s veral computers with noisy fans. In addition,
two noise-generating loudspeakers were

Stereo music or white noise was used as the noise signal.

In the beginning, breathing noise due fo adaptation was observed at al-
most every ubterance. It disappeared in a gecond and cansed slmost no probe
lem for conversation. Although the degree of noise reduction depends on the
loudspeaker positions, it was typically 8 to 1 dB. These results confirm that
the GIBF-CNA is a promising technique for voice comapunications.

located on both sides of the array.

5.7 Conclusion

An overview of robust adaptive beamforming techniques have been presented
in this chapter, with an emphasis on gystems that are robust to steering-vector
serors. Tt has been shown that the GIBF with the CCAF-NCAF structure
and an AMC (GIBE-CNA) is effective in a real environment. Integre ted
gystems with a icrophone array, a noike canceler, and an echo canceler will

play a key role in future acoustic noise and echo eontrol devices
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8 TRobust Localization in Reverberant Hooms

Joseph H. DiBiase!, Harvey F. Silvermant, and Michael 8. Brandstein®

¥ Brown University, Providence RI, USA
? grvard University, Cambridge MA, USA

Abstract. Talker localization with microphone arrays has received significant at-
tention lately ag a means for the antomated trackiog of individuals in an enclo-
sure and 18 & necessary component of any general purpose speech capbure systom,
Several algorithmic approaches sre aveilable for speech source localizatinn with
multi-channel data. This chapter summarizes the current feld and comments
the general merits and shortcomings of sach genre. A new localization method is
then presented in detail Ry utilizing key features of existing methods, this new
algorithin is shown to be significantly more robust to aoonstical conditions, pac-
ticularly reverheration effects, than the braditional localization technigues in use

today.

8.1 Introduction
The primary goal of a speech localization system is accuracy. In general, es-
timate precision is dependent upon a number of factors. Major issues inedude
{1} the quantity and quality of microphones emploved, (2} microphone place-
ment relative to each other and the speech sources 1o be analyzed, (3) the
ambient noise and reverberation levels, and (4) the number of active sources
and their specteal content. The performance of localization techniques gen-
arally improves with the number of microphones in the array, particaiarly
when adverse aconstic effects are present. This has spawned the research
and construction of large array systems {og. 512 elements) {1]. However,
when acoustic conditions are favorable and the wicrophones are positioned
judiciously, source localization can be performed adeguately using a modest
number {e.g. 4 clements) of microphones, Performance is clearty affected by
the array geometry. The optimal design of the array based on localization ori-
teria s typically dependent on the room layout, speaking scenarios, and the
acoustic conditions [2]. In practice, many of these design cons derations aye
very dependent on the specific application conditions, the hardware avail-
able, and non-scientific cost criteria, In an effort to make its applicability
as general as possible, this chapter will focus primarily on speech localiza-
sion efctiveness as a function of the acoustic degradations present, namely
background noise and reverberations, rather than attempt to address more
specific environmental seenarios.

In addition to high accuracy, these location estimates must be updated
frequently in order to be useful in practical tracking and beamforming appli-
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158 DiBiase et al,

cations. Consider the probdem of beamforming to a moving speech source. It
has been shown that for sources in close proximity to the microphones, the
areay aiming location must be scourate to within a few centimeters o pre-
vent high-frequency rolloff in the received signal [3] and to allow for effective
charmel equalization [4]. A practical heamformer must therefore be capable of
mcluding 2 continuous and accurate location procedure within its algorithm,
This requirement necessitates the use of a location estimator capshie of fine
resolution atb a high update rate. Additionally, any such sstimator would have
to be computationally non-demanding and possess a short processing latency
to make it practical for real-time systems.

These factors place tight constrainis on the microphone data require-
ments. While the computation time vequired by the algorithm largely de-
termines the latency of the locator, i is the data requirements thas define
theoretical Hmits. The work in [5], for example, focuses on reducing the size
of the data segments necessary for accurate source localization in realistic
room environments,

The goal of this chapter is to detail the kssues associated with the problem
of speech source localization in reverberant and noigy rooms and to present
an effective methodology for ite solution. While the focus will be the single-
source scenario, the techudques described, In many cases, are applicable to
sttuations where severad individuals ave conversing. The muore general prob-
lem of simultansous, multi-talker localization is addressed further in Chap-
ter 9. The following section containg a summary of the existing genrss for
speech sourcs localization using mif'rophnne arrays and highlights their rel-
ative merits. It 18 followed in Section 8.3 by the developrment of & speech
souree localization algorislon desipned sp\eciﬁgtaji}f for reverberant enclosures
which combines two of these general approaches. Section 8.4 then offers some
sxperimental results and conchusions.

8.2 Source Localization Strategies

Existing source localization procedures may be loosely divided into thres
general categories: those based upon maximizing the steered response
power (SBP) of a beamformer, technigues arinpﬂn,z* high-resolution spec-
tral estimation concepts, and approaches emploving time-difference of arvival
{(TDOAY information. These broad e,m»erlmtmm are delineated by their ap-
plcation environment and maethod . The fivst refers to any situ-
ation where the location estirnate is derived mrmth« frorm a filtered, weighted,
and surnmed version of the signal data received ab the sensora. The second
will be used to ferm any localization scheme relving upon an application of
the signal correlation matriz. The last category includes procedures which
calcuiate source Jocations from o set of delay estimates measured across var-
ious combinations of microphones,
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% Hobust Localization in Reverberagt Rooms 158

8.2.1 Steerast-Beamformer-RBased Locators

The first categorization applies to passive arvays for which the system in-
put is an acoustic signal produred by the source. The optinal Maximum
Likelihood (ML} location estimator i #his situation amounts to a focused
beamformer which steers the array to varlous locations snd searches for a
peak in cutput powsr. Termed forelization, derivations of the optimality of
the procedure and varistions thersof are presented in [6-8) Theoretical and
practical variance bounds obtained via focalization are detailed in 18,7,9] and
the stesred-beamformer approach has been extended 1o the case of mmltiple-
signal sources in [10].

The simplest type of steered response is obtained using the output of 3
delay-and-sum beanddormer. This is what is most often referred to a8 a con-
ventional bearaformer. Delay-and-sum beamformers apply time shifts to the
array signals to compensate for the propagation delays in the areival of the
sotres signal ab each mizrophone. These signals are thme-aligned and summed
together to form a single output signal. More sophisticated beamformers ap-
ply filkers to the arvey signals as well as this time alignment, The derivation
of the filiers in these flter-and-sum beamdformers i3 what distinguizshes one
method fror another.

Beamforming has been used extensively in speech-arvay applications for
voice capture. However, due to the efficdency and satisfactory performance
of other methnds, it has rarely been applied to the talker localization prob-
lem. The physical realization of the ML estimator requires the solution of

# nonlinesr optimization problem. The use of standard iterative optinnize-
tion methods, such as steepest descent and Newion-Raphson, for this pro-
cess was addressed by [10]. A shoricoming of each of these approaches is
that the objective function to be minbmized does not have & strong global
peak and freguently containg several local maxima. A8 a result, this genve
of efficient search methoeds is often inaccurats and extremely sensitive to the
initial search location. Tn [11] an optimization method appropriate for a multi-
maodal objective funciion, Stochastic Region Contraction (SRC), was applied
specifically to the talker loealization problem, While improving the robust-
ness of the location sstimate, the resulting search method tnvolved an order
of magnitude more evaluations of the objective function in comparison {0
the less robust search technigues. Overall, the computational reguirements of
the focalization-based ML estiraator, namely the complexity of the objective
function iself as well as the relative inafficiency of an appropriate optimiza-
tion procedure, prohibit s uge in the majority of practical, real-time source
lneators.

Farthermore, the steered vesponse of a conventional beasgformer i highly
dependent on the spectral content of the source signal, Many optimal deriva-
tions are based on o priord knowledge of the apectral content of the back-
ground noize, ag well as the source signal [7,8]. In the presence of significant
reverberation, the noise and source signals are highly correlated, making ac-
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164 DiBiage et al.

curate sémzzm‘fwz; of the nolse infeasible, Furthermore, io nearly all array-
applications, Bitle or nothing is kuown about the source signal. Hence, such
optimsl estimators are not very practical in realistic epesch-array environ-
menis.

The practical shorteomings of applying correlation-based localization es-
timation technigues without a greas deal of intelligent pruning is typified by
the system produced in [12]. In this work a sub-optimal version of the ML
gteorad-beamformer estimator was adapted for the talkerdocation problem.
A soures lecalization algovithm based on multi-rate interpolation of the sum
of cross-correlations of many microphone paies was implamented in conjune
tion with a real-time bearnformer. However, because of the compubational
roguirernents of the provedure, it was not possible fo obtsin the accuracy
and update rate roguired for effective beamdorming in real-time given the
hardware available.

£.2.2 High-Resolution Spectral-Estimation-Based Locators

This second categorization of location estimation terhniques includes the
modern beamforming methods adapted from the field of high-resolution spec-
tral analysis: sutoregressive {AR) modeling, minimum variance (MV] spec-
tral {mmm&twn and the variety of eigensnalyvsis-based techniques {of which
the popular MUSIC algorithm is an example}. Detailed summaries of these
approsches may be found in [13,14]. While these approaches have success-
fully found thelr way into a varisty of srray processing spplications, they all
possess certain restrictions that have been found to Hmit thelr effectiveness
with the speech-source localization problem addressed here.

Fach of these high-resolution processes is based upon the spatiospectral
correlation matrix derived from the signals received at the sensors. When ex-
act knowledge of this matrix is unknown {which is most always the case), it
muss be estimated from the observed data. This is done via ensemble averag-
ing of the signals over an interval in which the sources and noise are assumed
to be statistically stati

tionary snd their estimation parameters (location in thig
case} are assumed to be fixed. For speech sources, fulfilling these conditions
while allowing sufficient averaging can be very pmbi&‘ﬂmm{‘ in practics.

With regard to the localization problem at hand, thsse methods were

developed in the context of far-field plane waves projecting onto a lnear array.
While the MV and MUSIC algorithros have boeen shown to be extendible to
the case of general array geometries and near-field sources [158], the AR model
and certain elgenanalysis approaches aee lmited to the fardield, uniform
limear aveay situation.

With regard to the issue of compputstional expense, a search of the lo-
cation space is roquired in each of these scenarios. While the computational
complesity at each iterstion is not as demanding a8 the case of the steered-
besmformer, the objective space typically consists of sharp peaks. This prop-
arty prechides the use of iteratively efficient optimization methods. The sit-
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8  Robust Localization in Beverberant Rooms 161

wation is compounded if a more complex source model is adopted {lncorpo-
rating source orientation or head radiator effects, for instance) in an effort to
improve slgovithm performance. Additionaily, it shonld be noted that these
high-resolution methods are all designed for narrowband signals. They can
be extended to wideband signals, Including speech, elther through simple
serial application of the narrowhand methods or more sophisticated general-
izations of these gpproaches, such as {16-18]. Either of these routes extends
the computational requirernents considarably.

These algorithms tend to be significantly less robust to source and sen-
sor modeling ervors than conventional beamforming mwethods (19,201 The
incorporated models typically assume ideal source radiators, uniform sensor
channel characteristics, and exact knowledge of the sensor positions. Such
conditions are impossible to obtain in real-world environments, While the sene
sitivity of these high-resolution methods to the modeling assuroptions may be
reduced, it s at the cost of performance. Additionally, signal coherence, such
as that created by the reverberation conditions of primary concern heve, is
detrimental 1o algorithmic performance, particularly that of the eigenanal
approaches. This situation may be mproved via signal processing regourees,
but again at the cost of decreased vesolution{21]. Primarily for these reasons,
Incalization methods based upon these high-vesolution strategies will not con-
sidered further in this work. However, this should not exclude their judicious
use in other speech localization contexts, particularly multi-source scenasios.

oy

£.2.3 TDOA-Based Lncators

a two-step procedure is adopted. Time
signals relative to pairs of spatially

With this third localization strategy,

then indersected in sorme optimal sense 1o arrive ab a source location estimate.
A pumber of variations on this principle have been develaped, [22-28] are
examples. They differ considerably in the wmethod of derivation, the extent
of their applicability (2-D vs. 3-D, near source ve. distant source, ete.}, and
their means of solution. Prirnarily because of their computational practicality
and reasonable performence under amicable conditions, the bulk of passive
tatker localization systems in use today are TDOA-basad.

Arcurate and robust TDE is the key to the effectiveness of localizers
within this genve. The two major sources of signal degradation which com-
plicate this estimation problem are background noise and channel multi-path
due to room reverberations. The nolse-slone case has been addressed at length
ared s well understood. Assuming uncorrelated, stationary Gaussian signal
ard notge sources with known statistios and no roulti-path, the ML time-delay
estimate is derived from a SNE-waighted version of the Generalized Cross-
Correlation {GCCO)Y function [20]. An MI-type weighting appropriate for non-
stationary speech sources was presented in [30] and applied successfully to
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speech source localization in low-rnultipath environments [31], However, once
room reverberations rise shove minimal levels, these methods begin to ex-
hibit dramatic performance degradations and become unreliable [32.33], A
hasic approach to dealing with multi-path channel distortions in this con-
text has been to make the GOC function more robust by deemphasizing the
frequency-dependent weightings. The Phase Transform (PHAT)Y 20 s one
extreme of this procedure which has received considerable attention recently
as the hasis of speech source localization systems [34-36). By placing equal
emrphasis on each component of the cross-spectrum phase, the resulting peak
in the GCOPHAT function corrssponds to the dorminant delay in the rever-
berated signal. While effective at reducing some of the degradations due to
multi-path, the Phase Transform accentuates components of the spectrum
with poor SNR and has the potential 1o provide poor results, particularly
yrder low reverberation, high noise conditions.

Other approaches for TDE of talkers in adverse enviromments are avail-
able. A procedure which utilizes a speech specific criterion in the design of
the GUC weighting function is presented in {37]. Cepstral prefiltering [38] has
bean used o deconvolve the effects of reverberstion prior to spplying GCC.
However, deconvolution requirves long data segrments singe the durstion of
a fypieal smellvoom impulse response iv 200-400 ms. It is also very sensi-
tive to the high varlability and non-stationarity of speech signals. In fact,
the experiments performed in [38] avoided the use of spesch as input alio-
gether. bnstead, eoloved Gausslan nolse was used as the gowrce signal. While
identification of room impulse responses is extremely problematic when the
source signal is unknown, the method proposed in [24], which is based on
cigenvalue decompogition, efficiently detects the direet paths of the two im-
plse responses. This method i effective with speech ag lnput, but requires
250 ms of microphone data to converge. A short-time TDE method, which
is more complex than GOC, is presented in [33]. It involves the minimiza-
tiom of & weighted least-squarsg function of the phase data. It was shown
to outperform hoth GCC-ML and GCU-PHAT in reverberant conditions.
However, this mprovement comes ab the cost of a complicated searching al-
gorithm. The margingd improvement over GCC-PHAT may not justify this
added cost In computational complexity. Reverberation effects can also be
overcome to some degree by classifying TDEs acquired over time and as-
soctating them with the direction of arrival (DOA} of the sound waves [39].
This approach, however, i not suitable for short-time TDE. Under extrems
acoustic conditions, a large percemtage of the TDE's are anomalous, and i
takes a considerable period (1-2 8 in [39]} to acquire enough estimates for &
statistically meaningful classification.

Among the methods summarized shove, those that rely on long data seg
raents generally outperform those that do not. This result may be attributed
tes the ensemble averagiog performed under these conditions to improve the
guality of the underlving signal statistics. However, the dynamic snvivon-
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%  Pobust Locslization n Reverberant Rooms 163

ments of many speech array applications require high update rates, which
Fnit the duration of the data segments used for analysis, For example, the
sutomatic camers steering video-conferencing system detailed in [34] utilizes
2 TDOA-based method with GCC-PHAT TDE applied st update rates of
200-300 ms. With such long dats segments, relisble cstimates are produced,
even in moderately adverse acoustic conditions. However, applications such
a8 adaptive beamfo g and the tracking of multiple talkers using a TDOA-
based localizer require an appreciably higher estimate rate; source positions
st be acguired from independent data segraents as short as 20-30 s, Over
such limited durations, the lack of ensemble averaging has a severs mpact
on the performance of the TDE.

Given a set of TDOA fgures with known error statistics, the second step
of obtaining the ML locaiion estimate necessitates solving a set of noulinear
equations, The caleulation of this result is considerably less computationally
expensive than that required for estimators belonging to the two previously
discussed genres. There is an extensive class of sub-optimal, closed-form loca-
tion estimators. designed to approximate the exact solution to the nonlinear
problem. These technigues are computationally ondemanding and, in many
cases, suffer litile detriment in performance relative to thelr more compute
intensive counterparts. [22,25-2840,41] are typical of these methods. Re-
gardiess of the solution method employed, this third class of location esti-
mation techniques possesses a significant computational advantage over the
steered-beamformer or high-resolution spectral-estimation based approaches.

TDOA-bagsed loeators do present several disadvantages when used as the
basis of a general localization scheme. Their primary limitation is the ingbility
to aecormodate multi-source scenarios. These algorithms assume a single-
sonrce modsel, While TDOA-based methods with short analysis intervals may
be used to track several individuals in a conversational situation [31,42],
the presence of multiple stmultancous talkers, excessive ambient noise, or
moderate to high veverberation levels in the acoustic field iypically restilts
in poor TDOA figures and subsequently, unreliable location fixes. A TDOA-
based lorator operating in such an environment would require a means for
evaluating the validity and accuracy of the delay and loecation estimates.
These shortcomings may be overcome to some degree through judicious use
of appropriate detection methods at each stage in the process 131,

-

S

While practical, the application of TDOA-based localization procedures
is of Hmited utility In realistic, acoustic environments. Stecred-Beamformer
strategies are computationally more intensive, but tend to possess 5 robnst-
ness advantage and reguire a shorter analysis interval. The two-stage pro-
cess requiring time-delay estimation prior to the actual Jocation evaiuation is
subnptimal. The intermediate signal parameterization accomplished by the
TDOA estimation procedure represents & significant data reduction at the
expense of a decrease in theovetical localization performance. However, in
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real situstions the performance advantage inherent in the optimal steered-
beamformer estimator is lessened becanse of incomplete knowledge of the
signal and noise speciral content ag well as unrealistic stationarity assump-
tions.

With theze relative advantages and shortcomings in mind, & new local-
ization method, which combines the best features of the steered-heamformer
with those of the Phase Transfoem weighting of the GOC, was introduced
in [5]. The goal was to exploit the inherent robustness and short-time anal-
yeis characteristios of the steered response power approach with the ifnsen-
sitivity o signal conditions afforded by the Phase Transform. This new al-
gorithn, termed SRP-PHAT, will be detailed in the following section and
will be shown to produce highly reliable location estimates in rooms with
reverberation times up to 200 ms, using independent 25 ms data segrents.

8.3 A Hobust Localization Algorithm

Before describing the SRP-PHAT algorithm, it will be necessary to develop
further a number of topics addressed in the prior section, Specifically, the
following subsections will provide details of the impulse regponse model, the
GCC and its PHAT implementation, ML TDOA-based localization, and the
computation of the SRP. These items will then be tied together in the final
subsection to motivate and defing the SRP-PHAT algorithin,

8.3.1 The Impulse Response Model

It will be assumed that sound waves propagate as predicted by the linear
wave equation [43]. With this assumption, the acoustic paths between sound
sources and microphones can be modeled as linear systems [44]. This is clearly
asdvantageous to the analysis and modeling of the signals produced by the mi-
crophones of an array. Such lnear models are valid under the realistic condi-
tions encountered in small-room spesch-array environments and are regularly
exploited by arvay-processing techuiques [13].

In the presence of sound-roflecting surfaces, the sound waves produced
by a single source propagate along multiple acoustic patha, This gives tise
to the familiar effects of reverberation; sounds reflect off obiects and pro-
duce echoes. The walls of most rooms are reflective enough to create sig-
nificant reverberation. While it is not always noticeable to the occupants,
even mild reverberation can severely impact the performance of spesch-array
systems. Henee, multi-path propagation must be incorporated into the signal-
processing model.

The wave field at a particular location inside a reverberant room may be
considered to be linearly related 1o the source signad, s(¢). Let the 3-element
Vertons, py, and g, define the Cartesian coordinates of the n*® microphone
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and the source, respectively. The received signal at the n'® microphone may
now be exprossed ag

Tty = 8(8) s hulge, ) 4 w,(8) (8.1

s

The overall impulse response, h,{g,. 1), is the resuls of cascading two il
ters: the roow impulse vesponse and the microphone channel response. The
former characterizes all scoustic paths betwesn the source and microphone
focations, including the divect path. It s 2 function of B, as well as the
source location, g, and is highly dependent on these parameters. In general,
the room mpulse response s affected by environmental conditions, such as
temperature and bumidity. It also varies with the movement of furnibure and
individuals inside the room. While such variations are significant, it is reason-
able to assume that these factors remadn constant over short periods. Hence,
a room impulse response may be considered thue-invariant for short perviods
when the source and mdcrophone arve spatially fixed. The microphose chan-
nel response aceounts for the electrical, mechanical and acoustical properties
of the microphone syvstem. In general, the microphone’s directivity pattern
makes its response a function of its oriensetion as well a8 its spatisl place-
rent relative to the souree. The additive term, v, {f), 18 the result of chamel
nuige in the micropbone systern and any propagating amblent nolse such as
that due to fans or other mechanical equipment. The propagating noise is
usnally more significant than the channel noise and tends to dowminate thiy
terrn, Generally, ,(8) is assumed to be uncorrelated wish s{f).

Figure 8.1 illustrates o close-up view of the response that was measured in
a typical copference room. The direct-path component and some of the strong
reflectad commponents arve highlighted in this plot. The peaks corresponding
to the reflected sound waves are comparable in size to the direci-path peak.
Thexse peaks, which ocour within 20 ms of the dirsct-path, are respousible for
many of the ervoneous results produced by short-tivee TDE s, which operate
on data blocks as small a3 25 ms. The lege secondary peaks in the room
response are highly correlated with the false pesks in the GOC function [5].

The purpose of TOE is to evaluate the temporal disparity between the
direct-path components in the two received microphone signals, 1o this end,
it will be useful to rewrite the hmpulse response specifically in terms of #ts
direct-path component. Equation 8.1 is modified o

. T, , . . ey
T i) = ;”“&75’2 = T ) % Gu (e, 1)+ wnit) (8.2}
3

where v, I8 the source-microphone separation distance, 7y, is the direct path
time delay, and g.(g., 1) is the modified lmpulse response which encompasses
the original vesponse minus the direct path component. The microphone sig-
nal model is now expressed explicitly in terme of the pararster of Intersst,
namely the time delay, 7,
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Fig 8.1 A closeup of & 10-millisecond segment of a room lmpulse response mea-

sured in s fypical conference room. The direct-path component and some strong

reflected compouents wre highlighied.

$.3.2 The GUC and PHAT Weighting Punction
For a pair of microphones, n = 1,2, thelr assoclated TDOA, 19, is defined
as

Tig Ty - T {(8.3)

Applying this definition to thelr associated received microphone signal
models vields

By () ==

it
-+
et
e
e,
s
oot

~s{t =7y} # g1 (gt
7y

. i y e
() = —s{t — 71~ Ti2) % 92(ge, 1) + va (D). (84)
s

If the modified fmpulse responses for the wicrophone pair are similar,
then {8.4) shows that a scaled version of s{t — 7} 18 present in the signal
from microphone 1 and a thoe-shifted (and scaled) version of s{t — 1) is
present in the signal from microphone 2. The cross-corvelation of the two
signals should show a peak at the time lag where the shifted versions of s(2)
align, corresponding to the TDOA, 75, The cross correlation of signals and
iz defined as:

=]
eralr) = /’ ey (D)t -+ 7)dt (8.3)

e
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ined as the cross correlation of two fil
(1) and wa{t With the Fourier transforms of these
filters denoted by (4 (w) and Gafw), respectively, the GCU function tan be
expressed in terms of the Fourier sransforms of the microphone sig

The GCC function, Boir), e d

C 1 o0 b s %o 4 NA NP P
Byglry = o (G X {wl) (Ga(@) Xolw)) e dw (8.6}
: 27 s \

Rearranging the order of the signals and flters and defining the freguency
dependent weighting function, ¥z = Gy {w)Ga{w)®, the GCC function can
be expresasnd ag

P

; \ i \ e . fey oo

Ryglr) = ‘Q“;{ / Fyn{w) X {a,;..k;g{\w}*e}“” (o5 {f’i‘i}
By

Tdeally, Fia{r) will exhibit an explicit global maximum ab the ng value
which corresponds to the relative delay. The TDOA estimate is caleulated
from.

o~
oo
o0

Fiu = argmax Ry (7).
FED

The range of potential TDOA values is restricted to s finite interval, D, which

is determined by the physical separation between the microphones. In general,

Rya{7) will have multiple local maxima which may ohseure the true TDOA

peak and subsequently, produce an incorrect estimate. The arplitudes and

corresponding time lags of these erroneous maxima depend on a mueber of
factors, typically ambiens noise levels and reverberation conditions.

The goal of the weighting funciion, ¥y, is to emphasize the GUO value
at the frue TDOA value over the undesived local extreraa. A sumber of such
functions have been investigated. As previously stated, for realsitic acoustical
conditions the PHAT weighting [29] defined by

. i

TOUR IR RO
1elw) = -
L )

3wl

(8.9)

has been found to perform considerably better than its counterparss designed
10 be statistically optimal under specific aon-reverberant, noise conditions,
The PHAT weighting whitens the microphone signals to equally emphasize
all frequencies. The utility of this strategy and its extension %0 steered-
beamforming form the basis of the SRP-PHAT algorithn that follows.

§€.2.3 ML TDOA-Based Source Localization

Considar the 1% pair of micraphones with spatial coordinates denoted by the
S.clement vectors, Py and Py, tespectively. For a signal source with known
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spatial location, g, the teue TDOA relative to the ' sensor pair will be
denoted by T{({psu, 2}, 4s), and is calenlated from the expression

T{pu.pehgs) = gy — Pz :

Gs — Pt {8A0)

where ¢ is the speed of sound in alr. The estimate of this true TDOA, the
result of a TDE procedure involving the signals received at the two micro-
phones, will be given by . In practive, the TDOA estimate is a corrupted
version of the true TDOA and in general, 1 & T{pi, Pt ¢}

For a single microphone pair and its TDOA estimate, the locus of potential
source locations in $-space which satisfy (8.10) corvesponds to one-half of a
byperboloid of two shests. This hyperboloid iz centerad about the midpoint
of the microphones and has By ~ po as 15 axds of syrmmetry,

For sources with a large scurce-range to microphone-separation ratio, the
hyperboloid may be well-approximated by a cone with a constant. divection
angle relative to the axis of symmetry. The corresponding estimated divection
angle, #¢, for the microphone pair is given by

5@‘ = eos™t («:ﬂww—; (8.11)
femugy -~ Ml

In this manner sach microphone pair and TDOA eatimate combination may
be assuciated with a single parameter which specifies the angle of the cone
relaiive to the sensor pair axis. For a given source and TDOA estimate, §; is
referred to as the DOA relative to the i*F pair of microphones,

Given g set of M TDOA estimates derived from the signals received at
multigle pairs of microphones, the problem remadns as how to best estimate
the true source location, .. Ideally, the estimate will be an element of the
intersection of all the potential source Ioch, In practics, however, for mors
than two pairs of sensors thig intersection is, in general, the empty set. This
disparity 18 due in part o impregision in the knowledge of system parame-
tevs {TDOA estimate and sensor location measurement exrors) and in part to
wnrealistic modeling sssumptions (point sonree radiator, ideal medium, 1deal
sensor characteristics, ste.). With no ideal solution available, the source loca-
tiom rust be estimated as the poing in space whic 1e sensor- TDHOA
dada or more specitically, mindroizes an ervor criterion that is a funetion of the
given data and o hypothesized sowree location. I the time-delay estimates nb
sach microphone pale are sssumed o be independently corrupted by zero-
mean additive white Gaussian noise of equal variance then the ML location
estimate can be shown to be the position which minimizes the least squares
ayror criferion

A
Elg) = (- T({pu,pn}. )" {8.12)
e
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2 Robust Localization i Reverberant Roowms 169

The locating estimate s then found from

4, = argmin Elg). [8.1%)
k4
The criterion in (8.12) will be referred to as the LE-TDOA error. As stated
varlier, the evaluation of §, in this manner involves the optimization of a
non-linear function snd neressitates the use of search methods. Closed-form
approximations to this method were given saclier.

8.3.4 SHP.-Based Boures Localization

The microphone signal model in (8.2) shows that for an array of NV wmi-
crophones in the reception region of a source, a delayed, filtered, and noise
corrupied varsion of the souree signal, 8{2}, is present in each of the received
microphone signals. The delay-and-sum bewmnformer time aligns and sums to-
gether the ,{1), in an effort to preserve urnmodified the signal from a given
spatial location while attenuating to sorne degres the noise and convolutional
components. It i3 defined as shmply as

N
y(t,qs) = Y Talt+ An) (8.14)
sk

where Ay are the sleering deloys appropriate for focusing the aray to the
source spatial location, g, and compensating for the direct path propagation
delay associated with the desired signal at each microphone. In practice, the
delays relative to a reforence microphone are used instead of the absolute
deloys, This makes all shifting oporations causal, which is a requirement of
any practical system, and implies that y{t, g, will contain an overall delayed
version of the desired signal which in practice 8 not detehmental. The use
of a single reference microphons means that the steering delays may be de-
tormined directly from the TDOA’s (estimated or theoretical) between each
microphone and the reference. This bmplies that kuowledge of the TDOAs
alone iz sufficient for steering the beamformer without an explicit souwree lo-
cation.

In the most idesl case with no additive noise and chanoel effects, the
output of the deal-and-sum beamformer represents a scaled and potentially
delayed version of the degired signal. For the limited case of additive, unvor-
related, and uniform varlance noise and equal source-microphone distans
this simple beamformer is optimal. These are cortainly very restrictive condi-
tions. In practice, convolutional channel effects are nontrivial and the additive
notse 18 more complicated. The degree to which these noise and reverberation
components of the microphone signals are suppressed by the delay-and-sum
beamformer is frequently minimal and difficult to analyze. Gther methods
have besn developed to extend the delay-snd-sum concept to the more general
flter-and-sum approach, which applies adaptive filtering to the microphone
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signals befors they are time-aligned and sunpmed. Agaln, these methods tend
to not be robust to non-theoretical conditions, partieularly with regard to
the channel effects,

The output of an Neelement, flter-and-sum bearnformer can be defined
in the frequency domadn as

hi
Yiw,g) =3 Gulw)Xn(w)e (8.15)
sl

where X,,{w} and G {w) are the Fourier Transforms of the n™ microphone

signal and is sssociated flter, resprctively. The microphone signals are phase-
aligned by the steering delays appropriste for the scures location, g. This is
souivalent to the time-domain beargformer version. The addition of micro-
phome and frequency-dependent filbering allows for some means to compen-
sate for the envivommental and channel effects, Choosing the approprists
filbers depends on a number of factors, including the nature of the souree
signal and the type of nolse and reverberations present. Az will be seen, the
strategy used by the PHAT of weighing each frequency component equally
will prove advantageous for practical situations where the ideal llters are
unobtainable.

The beamformer mey be used as & means for source localization by sieer-
ing the array o specific spatial points of interest in some fashion and evalu-
ating the output signal, typically its power. When the focus corresponds o
she location of the sound source, the SRP should reach a global maximum. In
practice, peaks are produced at a number of ncorrect locations as well. These
may be due to strong reflective sources or merely & byproduct of the array
gecretry and signal conditions. In some rases, these sxtranecus maxime in
the SRF space may obsours the true ocation and o any case, complicate the
search for the global peak. The SBP for o potential soures Jocation can be
sapressed as the output power of & filker-snd-sumn beamformer by

Plg) = / W) Pl (8.16)

8
L0

and loeation estimate is found from

gy = arggm,x Pig). {R.17)

8.3.5 The SRP-PHAT Algorithm

Given this background, the SHP-PHAT algorithun may now be defined. With
regpect to BCC-based TDE, the PHAT weighting has been found to provide
an snhanced robustness in low to moderate veverberation conditions. While
iaproving the quality of the underlying delay estimmates, it is still ot sufficient
to render TDHOA-based localization effective upder more adverse conditions.
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8 Bobusgt Lovalization in Reverberant Rooms 171

The delay-and-sum SRP approach requires shorter analysis intervals annd gx-
hibits an elevated insensitivity to emvivonmental conditions, though again,
not to a degree that allows for their use under excessive multi-path. The
Blier-snd-sum version of the SRP adds fexibility but the design of the filters
is typically geared towards optimizing SNR in neise-only conditions and is
sxcessively dependent on knowledge of the signal and channel content. Orige
inally introduced in [5], the goal of the SRP-PHAT algorithm is to combine
the advanteges of the steered beamformer for source localization with the
signal and condition independent robustness offered by the PHAT welghting.
The SRP of the flter-and-sum beamformer can be expressed as

N N
Plg) “Lz /’ By () X () X3 () (B30 gy (8.18)
{21 ke
where ¥ (w) = G{w)Gi{w) is analogous to the two-channel GCC weighting
tera in (8.7}, The. @zxmpoﬁdmg miilti-channel version of the PHAT weight-
ing is given by

W) = (8.19)

g}(gi.u};{*(w}%

‘which in the context of the filter-and-sum beamformer (8.15) is equivalent to

the e of the individual channsl Glters

Golw) =

/_:_l;
Tt
o]

R

X,

These are the desired SRP-PHAT filters. They may be ioplemented from
the frequency-domain expression above, Alternatively, it may be shown that
(8.18} is squivalent to the sum of the GOU's of all possible N-choose-2 micro-
phone pairings. This means that the SRE of a 2-element amay is squivalent
o1 the GOC of those two microphones. Hence, a5 the number of microphones
is increased, SRP naturally extends the GCC method from a palrwise 10 a
mnlti-microphone technique. Denoting Fi(7) as the PHAT-weighted GUC
of the 1" and B microphone signals, o time-domain version of SRP-PHAT
functional can now be expressed a5

N

P(q) = 2n Y }__, Rup( Dy — A1) (8.21)

This is the sum of all possible pairwise GCC permutations which are time-
shifted by the differences in the steering delays. Included in this summation
i« the sum of the N autocorrelations, which is the GUC evaluated at a lag of
zero. These terms eontribute only a DC offset to the steered response power
gince they are independent of the steering delays.

Given either method of computation, SEP-PHAT localization is per-
formed in a manner similar to the standard SRP-based approaches. Namely,
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Fig. 8.2. Conference roam layout.

Plg) is maximized over a region of potential source locations. As will be
shown in the next section, relative to the search space indicative of the stan-
dard SRP approach, the SEP-PHAT functional significantly deemphasizes
extrancous pesks and dramatically sharpens the resolution of the true peak.
These desirable features result in a desreased sensitivity 1o voise and rever-
berations and more precise location estimates than the existing localization
methods offer. Additionally, this is achisved using a very short analysis in-
tarval,

8.4 Experimental Comparison

While more extensive results are available in [5], an experiment is offered
here to evaluate and compare the relative characteristics and perfommance
of three different source locstors: SRP, SRP-PHAT and ML-TDOA. Five
second recordings were made for three source locations in a 7 by 4 by S w
conference voom at Brown University using a 15-elemnent microphone array.
Figure 8.2 fllustrates the room layout. Pre-recorded s , which was ac-
quired using & close-talking microphone, was played through a loudspeaker
while simultaneousty recording the signals from the array. The use of the
loudspeaker was preferable to an actual talker since the loudspeaker could
be precisely located and would be fixed over the duration of the recordings.
The talkers were males uttering a unigue string of alpha-digits. Source 1 wag
most distant from the array and was positioned af standing height in froot
of a white-board. The other two sources were positioned at a seated level
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& Robust Localivation n Reverberant Booms 73
around a condersnce table, which was located approximately in the center of
the room.

The microphone array was composerd of eight omni-directional electrot
condenser microphones, which were randomly distributed on 3 plans within
a .33 by (.38 m rectangle. The microphones were attached o a rectangular
sheet of acoustic foam, which was supported by an aluminum frare. This
frame was mounted on a tripod that was placed parallel 1o the back wall at a
distance of 0.9 m. The acoustic foam damps some of the multi-path reflections
from this wall and isolates the microphones from vibrations traveling along
the mountings.

The loudspeaker faced the array and the vobume level was adjusted ar sach
tocation to maximize SNR conditions. SNR levels at each microphone aver-
aged about 25 dB for the three source locations. Source 3, with iis
the closest o the microphone aray, bad SNRs as high as 38 AB. With such
high SNEg, all microphones signals in the conferance room datases have min-
irmal contributions from the background noise, which was primarily produced
by the fons inside the computer equipment.

The measured reverbervation time of the room was determined o be
240 s, This qualifies as s mildly reverberant room. However, the near-end
pesks in the impulse responsges (as in Figure 8.1} combined with a 200 ms
reverberation Hime do, in fact, bave a significant mpact on localization, This
will be demonstrated by the following performance comparisons.

Given the size of the array apertuve relative 1o the source ranges, all three
talkers can be comsidered to He in the Bar field of array. Under such conditions,
range estimates are ambiguous, and only the asimush and elevation angles
can be estimated veliably. Accordingly, this experiment will focus on DOA
measures a8 opposed o 3D Cartesian cocrdinates. Results obtained with
more extensive arcays and near-field sources are available in [5L

The recorded data was sepmented into 25 ms [ames using & hall
overlapping Hanoing window. SNR-based spesch detection was performed
for each frame. Al frames where any of the sight microphone channels had
SNR within 12dB of the background noise were eliminated, Out of the 389
frames per recording, 318, 344, and 287 were retained for sources 1,2, and
3, respectively. The DHOA’s of the sonrces were estimated by mintmization
of the LE-TDOA evror and masdmization of SRP and SRP-PHAT cvalunted
over axrouth and slevation relative to the array’s onigin. The frequency range
used to compute both the steered responses and the GOCs was 300 Hz o
& kHuz. These functions were computed over a range of —80° to +80° for both
aziruth and slevation with 5 0.1° resolution.

By taking all possible combinations, 28 microphone pairs were formed us-
ing the §-clement array. Hence, for cach dase frame, 28 TDOA estimades wore
made for sach of the three speech recordings using GUC-FHAT. Figus 8.3
illustrates the LS-TDOA srror as a function of azimuth and clevation for a
segment of nine suceessive frames recorded for source 1. The white point in
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Fig. 8.3. Speech segment (top) with nine frames of the LS-TDOA error surfaces.

each contour plot marks the true DOA. The dark area in the center of the
images represents the minima of the L8-TDOA error. At the top of this fig-
ure is a plot of the amplitude of the corresponding speech segment, which
is the letter “R”, spoken as in “Are we there yet?” Superimposed on this
speech signal is a curve representing the average power of the signals from
the array, with the scale of its vertical axis labeled on the right side of the
graph. Each point along this power curve corresponds to the average frame
SNR. The three frames at the beginning and end of this speech segment
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Fig. 8.4. Delay-and-sum beamformer SRP over nine, 25 ms frames.

lacked sufficient SNR. to included in the analysis. These plots show that the
LS-TDOA error is generally a smooth surface with a global minimum over
the angular range of £60°. However, from frame to frame the minima vary
from the true source location. This inaccuracy is caused by erroneous TDOA
estimates. Note also that because of the smooth nature of the error space,
the resolution of the DOA estimates is considerably limited.

Figures 8.4 and 8.5 illustrate the error spaces of the SRP and SRP-PHAT
as evaluated for the same nine 25 ms frames of speech. Relative to the prior
figure the contour images are now inverted in darkness to emphasizé the max-
ima. The plots of the delay-and-sum beamformer SRP in Figure 8.4 bear a
noticeable similarity in general shape to their LS-TDOA counterparts. The
maximum value in each SRP image, marked by an X, occurs at points dis-
tant from the actual DOA, indicated by a white dot. The main beam of the
delay-and-sum beamformer is broad and fluctuates considerably over the du-
ration of the speech segment. As a resull, many inaccurate location estimates
are produced by this method. In contrast to the LS5-TDOA and SEP cases,
the peaks of SRP-PHAT plots in Figure 8.5 match the actual DOA almost
exactly. The main beam of the PHAT beamformer is sharp and consistent
over each frame. This produces contour images which appear quite different
from the LS-TDOA and SRP versions. The PHAT filters, when applied to
the filter-and-sum beamformer, yield an error space that is superior to that of
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100.4m

a a

Fig. 8.5. SRP-PHAT response over nine, 25 ms frames.

the delay-and-sum beamformer or the TDOA-based criterion. This qualita-
tive observation will now be corroborated through a numerical performance
comparison.

For the DOA estimates produced for cach of the three source locations,
an RMS DOA error was computed from

Iy

Brus®,8) = /(6 - 8)2 + (6 - ¢)? (8.22)

where ¢ and 8 are the true azimuth and elevation angles and ¢ and @ are their
estimated counterparts. Figure 8.6 illustrates the results. These plots show
the fraction of DOA estimates in each case which exceed a given RMS error
threshold. Using this metric, the SRP-PHAT consistently outperforms the
other two methods for each of the source locations. The ML-TDOA exhibits
definite advantages over the SRP. While the SRP-PHAT’s results are nearly
identical for all the source locations, including the most distant source 1, the
ML-TDOA locator is highly dependent on source location. For example, 60%
percent of the estimates from source 1 had error greater than 10° while 50%
percent from source 2 and 15% percent from source 3 had error greater 10°.
In coutrast, nearly all the estimates produced by SRP-PHAT had error less
than 10°. About 90% of the estimates from sources 2 and 3, and 80% from
source 1 had errors less than 4°.
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Fig. 8.6. Localizer DOA error rates for three differsnt sources.

The results of this Hmited experiment illustrate the performance advan-
tages of the SRP-PHAT localizer relative to more traditional approaches for
talker localzation with microphone arrays. Other experiments conducted un-
der move general and adverse conditions are consistent with the results here
and serve to confirm the utility of combining steered-beamforming and a
uniform-magnitude speciral weighting for this purpose.

While the TDOA-based localization method performed satisfactorily for
a talker relatively close to the array, it was severely impacted by even the
mild reverberation levels encountered when the source was more distant. This
result is due to the fact that signal-to-reverberation ratios decrease with in-
vreasing source-to-microphone distance. As the reverberation componsnt of
the rereived signal incresses relative to the direct path component, the valid-
ity of the single-source model inherent in the TDE development is uo longer
valid. As a result TDOA-based schemes rapidly exhibit poor performance
as the talker moves away from the microphones. The SRP-PHAT algorithm
is retatively insensitive to this effect. As the results here suggest the pro-
posed algorithm exhibits no marked performance degradation fromn the near
to distant source conditions tested.

The SRE-PHAT algorithm is computationally more demanding than the
TTHOA-based localization methods. However, its significantly superior perfor-
mance may easily warrant the additional processing expense. Additionally,
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while not discussed here, it is possible to alter the algorithm to dramatically
reduce its computational load while maintaining much of its benefit.
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9 Multi-Bource Localization Strategies

Flio D, I8 Claudio and Raffasle Parist

INFOCOM Dept., University of Rome “La Sapienza”™, Rowme, ltaly

Abstract. Localization of multiple acoustic sources Is s mportant task in meny
practical applications. Howaver, in most cases adopted models are not fully ade-
guste to describe real scenarios. In partionlsr, in the presence of reverberation, the
signal mode! shonld explicitly take fnto account both siguals radisted by multiple
spurces and reflections. In alternative to Generalized Cross-Correladion methods,
array provessing concepts can be effectively applied to multi-source localization in
reverberant environments. In this chapter, main features and Bmitstions of wide-
hand areay processing approaches ave briefly reviewed. Parthermore, a new inte
grated localization and classification system, based on a robust frequency-domain
Time Delay Of Arvival (TDOA) estimation followed by a spatial clustering of raw lo-
cation estiraates, is presented. The proposed method efficiently incorporates TIIA
and array processiog concepts in an unified approach. Besulés on sirsulaterd dats
are supplied.

4.1 Introduction

Many practical applications rely on microphone arcays to localize muliiple
acoustic sources. Direct examples include automated systems for surveillance,
videoconferencing and hands-free speech acquisition 1], Localization data is
o used indirectly for a variety of other tasks: deveverberation of speech,
fault prediction and analysis in machinery, cuing and tracking of television
cameras, speaker verification, el

Tdeally, localization methods should exploit knowledge of the particular
acoustical transfer functions associated with the sources and sensors. How-
ever, over reliance on these functions in she form of excessive ealibration 1o a
specific environment may result in lmited system fexibility and poor adapia-
tion capabilities to different and varying acoustical conditions. This suggests
thay localization algorithms should be based on a compact and robust pa-
rameterization of the transfer functions.

I reverberation is present, & general signal model should explicitly take
into account both the signals radiated by multiple sowrnes and their respective
mdti-path reflections. The effects of refloctive surfaces in elosed envivoneents
can be studied in a vigorous manner by solving the wave equations with proper
boundary and initial conditions, This task is generally too expensive and can
be very sensitive to numerical errors and changes in asswmptions about the
environment. A physically acceptable approximation may be derived from

Y
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182 I Clandia and Parisi

the empirical observation that the major contributions of reflections are pro-
duced by large swifaces. This is equivalent to neglecting edge diffractions and
diffusion effects and allows for the use of ray tracing methods. A popular

example of this approach is Allen and Berkeley’s Image Method {2] which
introduces virtual sources to simulate multi-path reflsctions,

Array processing concepts have been effectively applied to the mult

source localization task in the presence of reverberation. Sensor arrays provide
a apaff ial and temporal sampling of the wave-field and have the ability o re-
solve multiple point sources (e.g. defined by a findte set of spatial parameters)
even when the radiated signals overlap in time and frequency 31, Of course,
sinpler approaches may be adopted if source signals are not simultaneously
active ov if they can be isolated by filtering. These cases will not be considered
in this work.

From a statigtical poing of view, the avvay model is well-defined only in the
eombext of norrowband s égr_zzz,fisv, e.2. when the signal bandwidth is a small frae-
tion {less than about 1%) of the central frequency of the sensor pass-band [4].
In particular, methods based on the signal and nodse sudbspaces have becowe
vary popular in narrowhend array processing. These methods are essentially
based on exploitation of the properties of the Cross-Sensor {spasial} Covari-
an atrix (CSCM) Qf array signal envelopes. The signal subspace idea was
studied in depth i ! and led to o funily of well-known aimu hing for nar-
rowband divection imdmg:, namely MUSIC {Ii} ESPRIT 7], MIN-NORM (8]
and WSF [9] that are statistically consistent within the standard mvay model.

An alternative 1o signal subspace methods is the classical Maxiwum Like-
ihood (ML) method, which requires an exact statistieal characterization of
received signals [10]. Since the statistics of acoustic signals significantly de-
part from the standard Lid. Gaugsian assumption [11], classical ML estima-
tors can havdly be clabmed ag optimal for this application. Furthermore, ML
{and also WSF {12]} requires a cumbergome multi-dimensional search through
the entire array manifold to provide reliable Direction of Arrival (DOA) es-
timates, Moreover, the effectiveness of the method is limited by the quality
of the initial DOA estimates {within a fraction of the array beam-width from
the true velues) and the required knowledge of the convect number of sources.

In congrast to ML-based methods, subspace algorithms have the infrinsic
advantags of h@ing widely distribution-independent, since they rely only on
the array signal model and the availability of a vonsistent estimate of the
CSCM ttself. Furthermore, many subspace algorithros guarvantee a fast global
numeriva& convergence without the need for any prioy information about the
¢ locations [13]

'.‘i?%fx.é raain Tmitati ions of subspace-based approaches ave twofold. Firss,
they ave unable to deal with a quantity of uncorrelated arrivals which ex-
ceeds the number of available sensors. Such a condition is quite common in
reverberant enviromments due to the fact that reflected signals ave frequently

difficult to distinguish from additional sources. Second, while the under Iving

bt
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G Multi-Boures Localization Strategies 183

array equations have a strong dependence on the narrowband signal assump-
fion, the acoustic sources in question usually have » large bandwidth, Sub-
space and ML approaches heve been extended to wideband signals. In these
cases the array model is altered significantly within the sensor pass-band and
the sources no longer possess a rank-one gignature in the CSCM [14]

Several freguency-domain approsches to widshand source localization
have besn proposed. The incoberent approach eplits the array pass-band into
several frequency bing, applies a narrowband algorithm o each sub-band
and clusters the resulting DOA estimates. This solution is not effective at
exploiting "Lh(" full thme-bandwidsh product and leads to s higher Signal-to-
Noise Ratio (SNR) threshold for the resolution of closely spaced sources [15]

The (A,»ahm ent Signal Subspace Method {C38M), proposed by Wang ¢ and
Kaveh in [15] and further developed in [16-19], estimates spatial covariances
atb mubtiple frequency bios, aligns them by proper transformation matrices
{called fz.:czsamg} and generates & reduced statistic shrough averaging which
{approximately) shares the same eigenstructure as the narrowband CSCM.

owever, even though CSSM-based methods do overcomes some of the draw-
backs of subspace techniques, thelr use iIn acoustical applications is bampered
by the limited precision of the focusing procedure when the array pass-band
excesds about half an octave, Z‘a-i_orc;zmer, CARM cannot deal with the case of
nore sources than sensers.

Ag ax alternative to these frequency-domain approsches, fime-domisin
¢ appealing since the differential arrival delays among sensors
meﬁd?v exceed the sampling perind in a wideband environment and the
number of relevant roflections is essentially lmited by the frame lengih [20).
Most time-domain approaches to source localization involve the use of time-
difference of arvival (TDOA) estimates between pairs {or doublets) of co-
tocated microphones [20-231. Traditionally, the resulting localization proce-
dure requires jolnt parameter optimization frow signels collected simultane-
ously by many sensors [24].

TDOA egtimation 1s usually performed by Generalized Cross-Correlation
{GCC) methods [22] GOC i appealing for its simplicity and ease of imple-

mentation. However, it assumes a single-source model which lnits its utilivy
1o the multiple-source, reverberant environment problom considered here. It
is desirable to identify off direct and reflected paths and to correcily asso-
ciate each with the sppropriate source. The localization problem 8 fequently
further complicated by the absence of @ priori knowledge about the room ge-
ometry and the number of active sources. Moreover, individual signals may
be received with sufficient power by only a subset of the sensor doublets. In
such a case, the localization algorithm should be robust to missing TDOA s,
In the following, after a short review of wideband srray processing tech-
vdrues, an integrated localization and classification system will be introduced.
"Ihe algorithen nvolves robust freguency-domain TDOA estimation followed
by spatiol clustering of raw locasion sstimates (25 The proposed method
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184 T Clandio and Parist

efficiently incorporates TDOA and array processing concepts in an unified
approach for the localization of multiple sources in reverberant enviromments.

9.2 Background

In this section the classical concepts of wideband array processing in the
frnquency domain are briefly summarized with particular refersnce to the
980 and WS approachss.

#.2.1  Array Signal Model

A common signal model in wideband array processing is based on the sub-
hand decomposition of the received signals. Suppose that signals radiated
by I point sources impinge on an N-clement array. Fach sensor signal s
demodulated, digitized and decomposed by a filterbank {or a DFT} [26] into J
complex sub-band components. The bandwidth of each flter is much smaller
than its central frequency f; (€ = 1,2, ..., ), so that each sub-band snapshot
vector @[k approximately satisfies the classical narrowband discrete-time
equations for (k= 0,1, K — 1) {4

Al fiyeilk] + wilk] (9.1
(o (fa 8:) an{finbo) . (9.2)

i

A{f)

ALS;) is the N x D sray transfer matrix at frequency fi, 54 ;] s the
vector of the complex source signal envelopes and v;lk] is the N » 1 vector
of additive noise components at fraquency fi and time k. Each column of
ALF) is referred to as steering vector and represents the array response to an
impinging wavefront. The generic steering vector, a{f, #}, 15 normalized and
is a known, continuous and differentiable function of the frequency, f, and of
the location parameters contained in vector € (azimuth, elevation, range,...}.
n order to guarantee the non-ambiguity of the model, A{f} must have ful
rank for any set of D < N source locations [4].

Noise and seuree waveforms are assumed to be realizations of independent,
zero mean, complex, circular random processes, having at least finite second-
fourth-order moments 16]. The background noise is considered temnporally
white and isotropic so that its CSCM ab any frequency is proportional to the
ty matrix, I, through its e priori unknown variance, ¢,. Colored notse
wwn spatio-ternporal covariance may be accommodated for through
a pre-whitening procedure [4,6].

If the sub-band sanpling period s snfficiently large and filter pass-bands
do not overlap, snapshots o:0k] may be considered independent with respect
to hoth time and frequency indices. Under these standard hypotheses, the

SOM at frequency i, Bae(f), obeys so the following relationship:

i

Roo(F) = Elmsiklal k0 = AFORGFIAT () + 01, (9.3)
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9 Multi-Source Localization Strateg

where B[] indicates the expectation operator and ()Y is the Hermitian trans-
pose operator. The subspace spanned by the strering vectors contains the
span of the eigenveciors mrwsp(mémsf to the m < 2 :
{m{fs) = palfi) > g (i)} of the CSCM. These eigenvec
eollected In a NV = oy nm.mx E.{fi) and constitute & basiz for the svgnmf
subspace [4] at frequency fi. If the wavefronts are not completely cohereny
the source covariance matrix, B, ([}, has ra ank D and the range of A(f)
coincides with the signal subspace [4].

The orthogonal complement to tha signal subspace Is the noise subspace,
B, (), and is constructed from the N — 9 elgenvectors associated with the
smallest eigenvalues of R (i)

\.f

$.2.2  Incoherent Approach

The incoherent approach oy be considered ag a divect derivation of nar-
rowband methods [14,15]. It congists of parallel DOA estimation performed
independently on several narrow sub-bands. Estirmates obtained in the single
sub-bands are clustered in angle to obtain the number of sources {(i.e. the
number of relevant clusters) and the final DOA (the centroid coordinates).

Thn main Hmitations of this method are the high iii:\p?’ ion of DOA
and a threshold effecs of the CSCM estimator at low SNR [27].
fam;m‘; necessitate the use of a high number of snapshots 1o get reliable
location estimates. Such along-term sngemble analysiz may not be valld given
the time-varying statistic pr-opor‘r%m of geoustic sources.

The use of incoberent methods may be advantageous if processing speed
is 2 strict requirernent and signals have a high SNR in some frequency bins.
This i the case of speech signals, where formant frequencies may be eas-
ily identified through o number of methods, o.g. Linear Prediction [14,28],
Howevar, more effoctive wideband strategies seek to combine the information
obtained by sub-band processing to generate a reduced statistic which ap-
proximates the narrowband CBCM model. Referred to as coherent methods,
a fow of the more popular approaches along these lnes are briefly described
below.

16

These

9.2.% Coherent Signal Bubspace Method {CEEM)

Th{* CasM {1 5 uses NV x N transformation matrices T(f) to map cach steer-

ing vector a{fy, #) to the corvesponding steering vector 5{f5.8) of a veference
ArTay znprmf(mq at the focusing bequency fo. Perfect forusing is oblained
when:

TOA) = Blfo,01) - 8 fo, 80)] = B[} - (9.4)

The Undversal Spatial Covariance Mateix [USCM), R,
the average of the focused Ry, {f;) with preselected scalar positive weights
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(4534
‘} -
Reo = 5 TR (JT7(£) 2 B(fo)RaB (o) + 0 Ree - (0.5)
-~ '

The niversal Signal Subspace, B,, and ite orthogonal complement, B,
the Universal Notse Subspace arve computed from the eigendecomposition of
the matrix V= Re (V-HY, where 'V is the mairiz sguare root [28] of the
Universal Noise Spatial Covariance, Ry, found according to {19

E
Ry, = VV7 =3 DT (1) (9.6)
gend

The matrix Ry, must be estimated from K S» N independent snapshois
for each frequency, vielding the sample subspaces’ B, and B, that may be
used in any subspace-based algorithm for direction finding. For instance, the

clasgical MUSIC estimate [4] becomes:

) {EEV-18(f, 62
G agrrare = v 5 ey
MUBRIC @ 923’&5?3 zvmjh{fmg}h

Pt
e
-3

fare—ry

In room acoustics applications the OSSM suffers from several drawbacks.
Reflections are seen as a large mumber of scarcely correlasad sources. Since the
number of resolvable sources is bounded by the mumber of available micro-
phones, the resulting USCM is characterized by a colored background noise
which is present only when the sources are active. This fact induces a theo-
retical logs of resolution and in practics, o strong bias in the DOA estimates
ag well az errors in the identification of the number of sources.

9.2.4 Wideband Weighted Subspace Fitting (WB-WSF)

The classicsl CSSM spatially transformas signals and noise. In conlrast, the
WEB-WSF algorithm [12] uses only signal eigenvectors to get asympiotically
effivient DDA estimates, f}w,g; —war, under a Gaussian assumption for both
signals and noise,
The narrowhand WSF method sttempts to fit in a weighted Least Squares
fashion a linear camhination of calibrated steering vectors onto the signal sub-
SPACE CLERTIVeN
straightforward. i
ent frequency bins {17

s snapshots can be considered independent among differ-
he global snd concentrated Gaussian Log-Likelihood

b Throughont this work, estimated gquantities will be marked by the bat superscript
{7}, to avoid ambiguities.
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9 Multi-Bonrce Lovalization Strategies 187

of the data is simply the sum of s narrowband components, The resuliing
WEB-WSF estimator then assumes the following form:

By powse = m‘f;mw { ------ Z: |ALf, &) G B JOW D Y {9.8)

for the Frobenius norm of o mateix
ributed signals and noise {and perfectly cali-
ox W{f;) are diagonal with weights

where the subscript F stands

In the case of Gaussian-dis
brated arcays) optimal welghting matr
proportional to [9]:

R

i Henl j if Gy e

W{fidimm) = st (9.9)
it (i) oy

The matrices C;{I7 % ;) in functional (9.8) ave linked to selected weight-
ing matrices through the equation ¢ Al f,;*e?}i%} {F YW1 i) [9]. Optimality
iz assured even if consistent estimates of the weights are used instead of their
true values.

From {9.8) it may be seen that the WB-WSF method requires the solu-
tion of an expensive multi-dimensional optimization problem in the location
parameters space. Moreover, in most cases this is an ill-conditioned problem
since the srror surface is quite flat far from the true DOA’s and character-
ized by many local minima [12], This property limits the convergence rate of
any optimization algorithm, making the WB-WSF unsuitable {or real-time
applications unless an accurate initialization is provided {e.g. tracking of a
moving soree previously localized by a different algorithm).

Another issue with the WB-WSF approsch {ami mmﬁ'gr covariancs Hi-
fings} ig its very high sensitivity to the appropriate " the propagation
model. Brrors in the steering vectors of high 8NR z‘r}::.punmtk may be greatly
amplified by weighting, inducing a loss of convergence or an increased variance
of the DOA estimates [30]. This fact makes the use of WB-WSE extremely

difficult in reverberant snd time-varying environments.

9.3 The Issue of Coherent Multipath in Array
Processing

From narrowband array processing i is well known that specular roultipath
creates several identification problems in subspace methods 4] since the rank
of Rye(f:) is less than I, In such a situation the signal subspace is strictly
contained in the span of A{f;) and most subspace algorithms do not guaran-
tee souree identification. This problem is particularly serious with incoberent
processing, as deseribed in the following example.

Srample. Consider for gimplicity a single sowrce and 2 single reflection and
suppose that the propagation difference between the direct and the reflected
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188 Bi Clandio and Parisi

paths iz 3m. The TDOA is about 1W0ms. I a formant frequency of 300 Hz
is considered, the sub-band filter should have a pass-band of about 4¥Hs.
This mesns that the sub-band Nyquist frequency allows for diserimination
of coberent path delays down to about 250 ms uging the eigen-analysis of the
CSCM (9.3} Below this lirnit, the MUSIC algorithm may not resolve the two
paths and a WSF-type approach is required [8]. However, the initislization
will be very difficnlt [12] and the final estimate very sensitive to calibration
errors. The US3M would be capable of focusing an instantaneous bandwidth
b0 about 150Hz (073 octaves), allowing for the discrimination of 2 TDOA
around Sme. By contrast, a time-domain approach, such as GCC, allows
for significandly improved resolution. With an 8§ KHz sampling fequency, it
would be possible to detect a TDOA lese than about 250 us.

This example suggests that tirne-domaln are advantageous in room acoug-
ties applications. However, in the presence of multiple sources and reflpctions,
the problem arises of diseriminating and correetly pairing the TDHOA This
task is quite comnplex if spadisl information is not exploited.

4.4 Implementation Issues

Microphone arvays for surveillanecs or multi-media applications should be rel-
atively cheap and eagy vo deploy, but capable of functioning o real time. In
particular, they chould be largely insensitive to environmental changes and
calibration should be as simple and automated as possible. These require
ments tend to rule out approaches based on joint optimization procedures
working with all signals at the same time. In fact, since the microphones
may be deployed relatively digtant frozn each other in an effort to achieve
a sufficient spatial aperture, synchronization, calibration and simultanecns
procegeing of all sensors may be very expensive and fechnically diffivule.
This requires high-speed links and enormous provessing power which typi-
cally grows with the sguere of the array size in the case of aforementioned
signal subspace and ML algorithms,

Ir the following section, & possible approach to the robust localization of
multiple sirultancons speskers in reverberant rooms is described. The pro-
posed method cireumvents most of the drawbacks of existing array precessing
algorithms in terms of the number of sources idensifiable, robustness to cali-
bration and estimation evrors, amd capability of discriminating among direcs
and reflected paths. Moreover, the algerithm may be computed in paraliel on
cheap, but powerful, DSP processing boards connected 1o selected pairs of
microphones. This property reduces the physical length of the inter-processor
communication paths and simplifies hardware manufacturing, systerm deploy-
ment, and software development. Only a limited number of parameters are
collected at slow date rates by the maln processing unit {e.g. a workstation),
which fuses the partial information snd fursishes the final interface to end-
users {humans or other sub-systems).
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9 Multi-Source Localization Srategies 180

4.5  Linear Prediction-RBOUT-MUSIC TDOA
Festimation

The proposed solution to the multi-source localization prablem is based on a
frequency-domaln thime delay estimation procedure which sraploys a disturbed
harmonics model and involves a three-stage strategy. The first stage consists
of time-varying data pre-whitening through the use of Linear Prediction 28]
In the second stage, the TDOAs for the divect paths and esvly {strongest)
reflections are o ted by a closed-forrn parametsic approach hased on the
ROOT-MUSIC algorithm [13]. ROOT-MUSIC s applied to a matrix buil
with samples of the Cross Power Spectrum (CPS) 221 of the pre-processed
sensor sigaals, The Singular Value Decotaposition (8VD) of this matrix vields
information about the number of sources and main veflections, and their cor-
responding TDOA s Bach set of TDOA s 15 then converted into a set of points
in 3D-space by classical geometrical methods. Finally, in the third stage the
most likely positions of the speakers are found by means of a clustering n
space performed among all the estimated locations. The centroids of the most
dense clusters are selected as candidate sources, thus eliminating most of the
false detections generated by outhiers {virtual sources, localization ambigu-
itles, impulsive noiss, ete.), In the following sections, these three steps arve
separately deseribed.

NG

9.5.1 Signal Pre-Whitening

Like most TDOA estimators in the presence of reverberation, the proposed
algorithm separately processes signals received by pairs {or doublets) of mi-
crophones. The underdying hypothesls is that sinee the microphonss in each
doublet are physically close to sach other, the two room impulse responses
will be very similar. Under such chroumstances i may be assumed that the
two microphones receive thme-shifted replicas of each source signal flteced by
the same scoustic transter function.

Sinee the power spectrum of acoustic signals is typieally characterized by
a wide dynamic range across frequency bands, signal pre-whitening has been
found to be an effective tool for lmproving the quality of speech enhancament
schemes [31] and TDOA estimators in reverberant enviromments [22,20,23].
Figure 0.1 shows a schematic of the pre-whitening process [32] by Linear
Prediction. The short-term prediction filter 4{2) acts on formant frequencies
while the long-term predictor 4,{2) cancels spectral periodicities induced by
the piteh and refloctions. The presence of multiple sources (speakers and
virtual pources) may requive filter orders that are slightly higher than those
normally used for speech coding applications. Moreover, multiple cascaded
fong-term predictors may be reguived.

Ldnear Prediction removes the conunon spectral features present in dow-
blet signals (including the piteh) and minbmizes spectral Huctuations induced
by multi-path effects. These considerations may be extended 10 » larger olass
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Long-term
residusd

fz\

Whitened sigead

Fig. 8.1. Schewmatie of the Linear Prediction processing.

.75

Fig. 8.2, Cross-Power-Spectrum Phase TDOA estiate without pre-whitening,

of seoustic sources hesides speech, like air conditioners, compnter fans, and
rotating machinery in factories. It is important to remark that this proce-
dure is a lnesr process and does not alter either the general signal model
or the local signal-to-moise ratic (SNR) in the frequency domain. The pre-
whitening produces an approximate concentration of the Likelihood function
(under a simplifying Gaussian assumption) [20] and improves the Sigoal-to-
Reverhoration ratio, thus reducing the number of TDOA’s to be nated.
Figures 9.2 and 8.3 show the improvements obtained when pre-whitening is
included in the standard Cross-Power Spectrum Phase (CPSP) TDOA esti-
mator [1}.

Optimal processing would require separate filtering of each signal and
compensation for the different phase responses before the CPSP estimation.
This leads t0 increased computational cost and higher varianes of the TDOA
estimates for short data records {22]. Conversely, in the proposed approsch
short- and long-termn predictors are computed on the basis of the average
autocorrelation of doublet signals. Resulting filters are smoother in frequency
and lead to a negligible logs in performance.
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9 Multi-Souree Locslization Strategies 5430

Acanad THEAL

i, 8.8, Cross-Power-Spectrum Phase TDOA estimate with pre-whitening.
L 1 £

Awong Linear Prediction algorithms, those assuring 3 smooth and sta-
tistically stable estimate should be preferred. In particular, Levinson and
Schur-type algorithms {such as Yule-Walker, Burg, Makhoul) compute the
minimal set of pavamsters {reflection y tz correlation

Acients) of a Toepli
matrix, typical of stationary signals [33]. The Toeplitz constraint, coupled
with a biased correlation estimate, avoids the presence of deep nulls in the
prediction filters which may cancel the speech formants sl ensures the sta-
bility of the AR model assumed by Linear Prediction 33l

9.5.2 An Approximate Model for Multiple Sources in
Reverberant Environmments

The proposed solution is an effective alternative o exisiing Generalized
Crogss-Correlation methods. GOC is not able to cope with multiple sources
that are simultaneously active. Array processing concepts may be sffertively
introduced for this task. The TDOA search may be recast as a disturberd har-
monics retrieval problem [34,35] from the CPS, Pis{f), of a generie donblet.

Tndicating by e1[k] and ez[k] the sampled signals acquired from the dou-
blet (after Linear Prediction whitening) and with &(f) and & {f} as their
corresponding Pourier transforins, Pra(f) is defined by:

Pulf) = BIELHE W - (9.10)
Under mild hypotheses, it may be shown that the following holds for
P f):

D f Ky Ka A
‘o TN o g : PIUIE S AR < £ CA T XYY 11
Pol(f)y= ) Salf) 5 E v (Fasg(fye  Prinas—ral o (9.11)
sl Nhed feel
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e |

T¥soct P“\'ffh'”

Sooree 2 S
, £ Doy

Fig. 9.4. Model of » reverberant room.

where £ is the number of sources, S;(f) is the spectrum of the d-th whitened
signal, Ky is the number of significant arrivale from a single source {direcy

path and reflections), ol f) are slowly-varying transfer functions due to mis-
matches hatween the microphone impulse respenses, and Qap = Frae — 720 )
are the TDOAs 1o be estimated {La. the time differances of all possible
cornbinations in palrs of direct paths and main reflections, as illustrated in
Figure 9.4). The model in {#.11) assumes that P{f) is the sum of & few
sinusolds modulated by slowly-varving envelopes and embedded in » nearly
white noise [34].

It s important to note that in case of muliiple sources the Linear
Pradiction-based whitening flter hag a square frequency response which s
voughly proportional to the reciprocal of the sum of the signal spectra. As
a consequence, if the spectrum of the ci—fh source exhibits a peak ab some
frequency, the whitened spectrum S0 will have 4 broader and lower pesk
while the other sources will experience a stmm faciing at the same fregquency.
The corresponding sinusolds in (9.11) present localized envelope fAuc-
tuations that ran he regarded as noige. ﬁowe_ﬁvm; since the power spectra
are positive, it can be verified that the CPS, Fia(f), of sampled signals has
o frst-order periodicity [35] at each TDOA that can be detected through
antocorrelation analysis [36].

2.5.3 Robust TDOA Estimation via ROUOT-MUSIO

The cross power spactrurn {9,311} s evaluated at discrete f»qm«%pﬁuwi fraquen-
cies, fi, from consecutive frames of Linear Prediction residuals by means of
an unwindowed FEFT and time averaging. Many algorithins for the estimation
of the delays Ay are available in literature. Among the possible solutions,
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9 Multi-Source Localization Strategies 183

sechiniques based on eigenanalysis ave preferved for the detection of disturbed
and ensomble harmonics [36] like those present in (9.11). In particular, an ad
hoe version of the ROOT-MUSIC algorithm [13] known to be very robust to
gnvelope fluctuations has been devaloped.

Specifically, ROOT-MUBIC is applied to the covariance of a Hankel data
matrix, formed by the estimates of Pyo(f;) ab each doublet [34]. Let:

enimi = [ea]mn = VL], .. enlml]] {5.12)

be the ra-th frame of Linear Prediction residusls at the n-th sensor. L B
the frame length. The running CPS estimate at frequency fi 18 computed by

exponential windowing with a forgetting factor v (0 < v < 1} according 10:

3

Prolm, il = (1= %) Polm —Lil 47 & [m, il E5lm, ], {9.13}

where Enfm, i} is the i-th sample of the FFT of en[m].

The estimates in (9.13) are used to build a CP5 matrix Plm], which has
the following structure:
m, iy + P = 1

- P

Bimj =

Fuim

Folm]
= (8,14}
, 3,14)

where i; and 1y are the respective indices of the lov
bins considersd, and P is the “prediction”order.

As shown in (0.13), the matrix Pim] is asymptotically {i.e. when m— o0
and -+ 0) low-rank if all the power spechra are flas [34]. Howaever, it raust be
noted that spectral fluctuations generate an irreducible noise, independent of
the observation time. This noise limits the improvemnent in the variance of the
TDOA estimate with the SN and the observation fime. Experiments show
that the variance tends to a finite Hmit with the increase in the SNR; this is
typical of arvay processing in the presence of random model mismatches {301

In addition, each CPS sample Pralm, il is affected by an estimation error
which can be shown ta be nearly uncorrelated with respect o the bin index,
i, if the signals have been whitened. The vatance, aplm, ], of this error is
proportional to E[1€1[m, i]i7]x E[{£2[m, 4]} since the FFT samples approach
& Gaussian distribution [11] and can be considered constant velative to the
frequency of the Linear Prediction vegiduals,

The Smgulsr Value Decomposition [29] is now applied to the mabrix,
Plm], to obtain an estimate of g, and the numerical rank, 7p, required by

¢ anwd highest frequency
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194 Di Clandio and Parisi

the standard ROOT-MUSIC [13]. The rows of Plm] may be conveniently
re-weighted if the SNR in the generic FFT bin changes mngh subsequent
frames. A pnwbkm chisice for the weights, w;[m], comes from the minimization
of the Mean Square Error (MSE), Jifm], between the measured #m] and the
true one, #iim] (6

i
o
[
o

Pl

1]

The final weights are set proportional to:

Jif] = EFmbhood - vilm

if |7 > Pé,

wnfem) {6.186)

elsewhere

Tt is convenient to normalize the weights so that 3 wiim] = 1.
The SVD of the re-weighted matrix P, lm] is computed and the rank
np 18 estimated again. The P — 5, ug}m singular vectors corregsponding 1o
the smallest singular values, {7y, 41 = Ppun 2 ... 2 Pp}, define the noise
subspace }:‘x;} of the matrix Pulml
At this point, the sinusoidal frequencies in (9.11) are estimated from the
zevos of the following rational function [13]

P N
by G

4 np T

Hiz = d2 D8, | o o0 (B di). (9.17)
; s
: 0 ve

where d{z) = . The weighting of the nolse subspace EP
in (9.17) he }pa 0 mmpﬂmatc for deviations of the nolge covariance mabrix
from the identity matrix [5]. Finally, a Least Squares fisting of the sample
CPS using (9.11) is recommended to validate the detected sources according
to their relative power [4].

4.5.4 Estimstion of the Wumber of Relevant ReHections

Before the ROOT-MUSIC algorithm may be applied, it is fivst necessary o
estimate the number of significant sinusoids in {9.11). The effective rank of
Pim] may be calculated and used for this task since it is linked through (9.1 13
+o the mamber of relevant arrivals.

Rank estimation in arcay processing is often performed by setting a proper
threshold on the eigenvalues of the C8CM. A number of possible criteria are
available for this purpose [37). In the present approach, the rank 5, of the
matriz Pm] (or Pofin]) is estimated via a simple and robust algorithm based
on the VD,
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5 34 1% 20 28 # ¥ 40 45 ]

Singelar vidue rank

Fig. 9.5, Sample singular value spectrom of Plm] in three different raalizations.

1t ig assumed that the squares of noise-induced singular values of Pim]
(i.e. the cigenvalues of the data correlation matrix P m]Plm) [291) are clus
sered around the noise power, ap, scaled by the mumber of ohservations and
are approximately Gaussian or y* distributed. In contrast, the largest {or
signol) eigenvalues ave sssurned to be drawn from a different and unknown
distribution [37]. These may be considered as outliers when observed on the
cigenvalue spectrum.

This particular interpretation allows far the robust estimation of the noise
eigenvalue distribution in srder to set an appropriate threshold [38). In this
work, the saraple median and the absolute median deviation of the eigenvalues
have been successfully used to estimate, vespectively, o, and the disparsion.
As sn example, Figure 8.5 shows the spectra of the singular values of Pim;
for three different realizations.

The use of robust estimation reguires a sufficient amount of data. For
gxample, with median-based estimators it s knewn that the order, P, of the
matrix Plm] should exceed twice the number of significant reflections [38].
Tnformation theoretic criteria like MDL or AIC [37] do not possess this Hmi-
tasion, but do have the drawback of being highly sensitive to modeling errors
and approximations always present when dealing with multiple reverberated
signala.

9.5.5 Source Clustering

Fach doublet generates a set of TDOAs. By pairing the TDOA’s of nearby
doublets, a set of candidate source positions may be generated by means
of efficient geometric algorithrus available i the Biterature. In particular,
the Linear Intersection (LI) method [24] has been found to produce reliable
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196 M Claudio and Partsd

results during computer simmlations. In this case each souree postiion is given
by the point of closest intersection between only fwo bearing lines. Points that
lie outside of the room borders are inmmediately discarded.

Location estimates ave clustered in space using a fost fuzey algorithm {391
The clustering procedure’s processing speed i of paramount importance dur-
ing real-time operations since this is the only task that cannot be parallelized
onto the local DSF processors associated with sach doublet.

The maximum number of estimates that can be attributed to a single
source, (g, can be easily computed from the array geometry [24], For exant-
ple, in the cage of azbmuth-only (2-D) estimation, it is:

N .
0 ( 2) (9.18)

Most of the remaining estimates sre generated by pairing TDOA's that vefer
1o different acoustic sources and have no physical meaning, Gther incorrect
locations arvise froan geomeirical ambiguities in the array itself reflectior
from furniture {whose virtual souress are internal to the room), or diffraction
effects.

Dense clusters possessing an approximately elliptical shape ave formed
arcund the locations of actual sources while other estimates usually generate
disperse clusters containing only & few points. The centroids of clusters gath-
ering & number of elements close 0 ¢y are lnally selectad as soures locations.
This clustering procedure may be extended over consecutive time frames in
an effort lncrease performanes.

ste

8.5.8 Experimental Hesulis

L b

Bpectrum Phase approach [23]). Sources were siroulated as spharvieal chugts
of rading 15mun formed by highly coberent polnt sources radiasing speer h
signals previcusly recorded in the near-field and open space. Reverberations
were simlated using the Image Method [2] applied to a room of size {6 x
7 % 4m) with reflection coefficients equal to 0.8 on the walls and 0.6 on the
¢ and the foor. Bpatially distributed air absorpiion with an attenuation
cient of 1dB/m at 20KHz wasg also employed. Microphones arvanged
v osquare arrays of 15 slements each were selectively used. The frame
length was 1024 5 es with a sampling frequency of 4401 KHa. At each step,
the matrix Plm! was formed from a single 1024-points FFT, Clustering of
lovation estimates was performed over ten conserutive frames with an overlap
of 50%.

Pre-whitening was found to improve the performance of both algorithros.
Table 8.1 presents t.ht, sanple TDHOA statistics obtained from s mngig doublet
in the pressmee of a single speech source for varying SNR values. The superior
performance of the proposed approach is clearly visible.

The ROOT-MUSIC TDOA slgorithm was compared with the Crogs-Power
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9 Multi-Bource Localization Strategies 197

mabor SNR = 104 SNR =2 d8 SNH = 3048
CPRp Bias: 3.0278 0.41153 0015
Siel. dev.: G165 0264 3.025
ROOTMURIC Bias: (1.126 (LOORY 00665
Bl dev 0.0472 (.0182 .0151

Table 8.1, TDOA estimate of CPSF and ROOT-MURIC: samyple bias and standard
deviation, in milliseconds,

i %
THOA | %
(SR g /

~1

20 40 50 a0 kit]
Frame indox
OODORT G24iow, S Dev =[G00R1T 0443 s

Fig. 9.6, Histogram and plot over time of TDOA estimates in a $wo-source cage.

Figure 2.6 dlustrates the properties of the ROOT-MUSIC TDOA estimate
obtained from a single doublet in the presence of two simultancous speakers.
The upper plot shows the histogram of the TDOAs, eovresponding o the
two sourees and to the main reflections. The lower plot tracks the polynomial
roots of (9.17} [13]. The effects of most of the reflections are visible only in
sporadic frames.

Figure 8.7 shows the standard deviations of TDOA estimates derived
for various doublets and varying SNR valuss. It can be seen that at high
SNR levels the standard devistions depart from the ideal hnear behaviour
expected in classical array processing techniques with perfertly calibrated
arrays [l This effect iz due to the afovementioned model approximations
and, in particular, to the euvelope Huctuations of the CPS.

Figure 9.8 shows an example of custering over time in the presence of
three sinvultaneous speakers. The plot on the left shows the scatter plots of
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Pig. 8.7, Standard deviations of TDOA estimates vs. SNR for different pairs of
wicrophones, n milliseconds.
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Fig. 8.8, Left: scatter plot of raw locations. Right: scatter plots of centroids.

rame locations obtained by application of the LI method [24] to the ROOT-
MUSIC TDOA estimates. All locations obtained in ten consecutive frames
assed to the clustering algorithm are indicated. The actual source po-
ans are also indicated by circles. The plot on the right depicts the scat-
ter plots of the centreids of the main detected clusters associated with the
SOULCES.

Finally, Talle 9.2 details the sample statistics of the centroids depicted in
Figure 9.8 drawn out of 50 vutcomes. In particular, the number of locations
atiributed to each source is shown as a fraction of the theoretical (. This
nuraber can he sssumed as a measure of the compactness of the clnsters and
of the quality of the overall algorithm. The very low bias of the estimated
source positions should be noted,
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12  Small Microphone Arrays with Postfilters
for Noise and Acoustic Echo Reduction

Rainer Martin

Institate of Conuuonication Systems and Data Processing
Aachen Universisy of Techuology, Aschen, Germauny

Abstract. This chapter presents arvays with two microphones and a postfilter for
noise reduction and acoustic echo cancellation. The postilter algorithim exploits
the spatial coherence of the mderophone signals. In contrasgt to single-microphone
enhsncement algorithms, B does not need an explicit noise power spectral dengity
estimate. Aun analveis of the mean square grror reveals that the coberence properties
of the micrephone signals are of paramount inportance for the parformance of the
postfilter. Coherence messtrements of signals n various scoustic environments are
presented, The infuence of the directivity and orientation of the microphones an
the meazored coberence i discussed and rules for the design of the sconstic interface
are given, Finalh plications of this approach are presented. The two-microphone
algorithom i employed 0 veduce the non-stationary noise o the voice Intercom of &
computed somography scanver. It g also combined with echo cancellers to be used
in @ robust desktop conferencing device.

12.1  Introduction

Hands-free operatiot of voice communication terminals presents o challeng-
ing signal processing task. The relatively large distance between speaker and
microphones, the feadback of acoustic echoes, and the “anywhere and any-
time” paradigm of mobile communications can all contribute to considerably
disturbed speech signals. To achieve a reasonable communication guality the
hands-free terminal must therefore reduce disturbing environmental seoustic
noise as well as acoustic echoes in recelved speech signals.

Becanse of their ease of mplementation and use, stogle-microphone spesch
enhancement systems are favored in many applications. However, multi-
micropbone systems have considersble advantages over single-mderophone
systerns when the noise is non-stationary or the speech is reverberated. Mulid-
wicrophone systems take the spatial correlation of sound felds o account.
The spatisl correlation can be exploited to dereverbsrate the desived speech
signal and to reduce nolse and acoustic echoes. The stmplest system which
takes advantage of some of these benefits is the two-microphone array.

In vontrast to larger arrays, the two-misrophone approach refies less on the
beswmforming zain of the array b more on the noise and echo suppregsion
of a postfiber. The postfilter combines and processes the two microphone
signals in order 1o compute an estimate of the clean spesch signal. The array
can be easily inplemented using widely available stereo A/D converters.
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Martin

Pigure 12.1 depicts the basic components of the twoanicrophons speech
snhancement system, The microphone signals sre sssumed to be a linear
combination of clean speech signals 5, (¢} and noise signals v, {(#), where n €
{1, 2} denotes the microphone index. The system is symmetric, Le., we assumme
that both miceophones pick up speech and noise alike. This is guite different
fromn the nolse cancellation algorithm [1], where the primary microphone picks
up both speech and nolse and the secondary microphone serves as & nwise
reference only. 15 has beer demonstrated that the noise cancellation approach
does not work well in reverberant environments [2]. According to Fig. 12.1,
the sampled microphone signals 21 4] and #2[k] (sampling frequency f,) are
adjusted for possible time delay differences in therange of ~T < r <7, where
T denotes the maximum delay difference. The signals are then combined
anid Bltered. The Bliering takes the spatial correlation {voherence) of the
microphone signals into account and constructs an estimate §{&] of the clean
speech for instancs by minimizing a mean squars error eriterion. In contrast to
most stngle-roicrophone algorithms, the coherence based approach does not
rely on an explicit nolse power spectral density estimate. Its performance,
however, depands to a large exient on the acoustics of the environment.

Two-microphone arrays with coberence based postfilters were pinneersd
in {3,4] and later improved in [5-8]. Systems with more mderophones and with
gignificantly higher array gains were investigated in e, [9,10] and in {11}
The latter approach also makes use of subarrays and subband processing,

In this contribution we will first present the magnitude squared coherence
Funetion (MST) as a tool for the analysis of the spatial correlation of the mi-
vrophone signals, Using the Wiener flter a8 an example, we will then motivate
in Section 12.3, why the spatial coherence of speech and noise signals is im-
portant for the performance of the two-microphone postiilter, Finally, we will
degeribe applications of the two-micraphone postfilier in the voies intercom
of a computed tomography scanner and in desktop conferencing experiments.

Fui(E) :
- LA % %
time delay signal combining
~ L T3 A
estimnation and fltering
(- A/D o
£ w2lk] yalk)

Fig. 12.1. Block diagram of the symmetric two-microphone noise reduction system.
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12 Small Microphoue Arays with Postfilters

12.2  Cohersnce of Speech and Noise

The MSU, s, {7}, Is a frequency domain messure of corvelation between
two signals. As it turns out, it is alse s powerful tool for analyzing the po-
tential and the performance of multi-microphone noise reduction systems.
In this section we first define the MSC and the reverberation distance, an-
other measure which helps to characierize the acoustic envivorment. We then
present coherence measurements for various noise types and for speech. We
vill find that the directivity of the microphone and its orientation towards
the speaker play an important vole. The aim of this section is to derive rules
for the design of the acoustic interface of the two-microphone noise reduction
gvsham.

12.2.3  The Magnitude Sguared Coherence

For stationary input signals, o [k} and 2,[k], the MSC is defined as the ratio of
the magnitude squared cross power spectral density, Py ., (17), 10 the power
spectral densities, P o, (£2) and Py, (12), of the input signals [12,13]

¢ o g2

Cona () = etmsze O (121)

f‘lu‘il j”’)) FT?»?’“ (

where 2 denotes a normalized frequency variable, 7 = 2xf/f,. The MSC
takes on values between zero and one, 0 < Uy, () < 1L

It is well known that the coherence of fwo bandiimited and ;%amplzwd signals
recorded with ommidirectional microphonss in an ideally diffuse (sotropic)
sound field is given hy [14,15]

2 -
R §!2 fsdmic e 1}
(£ fs tgic 7Y

\.....:

gﬂjﬂﬁxs& {ﬁ\i = ’:1221

3

where die denotes the distance between the microphones and ¢ the speed
of sound. Camse (17) atbaing its fivgt zero at frequency fof dmm 3 o {2 )
The sound field s bighly corvelated for frequencies below fy{dmie) while the
correlation is low for frequencies above fy{dyi). Bouation f 12.2) is a nee-
essary but not a sufficient condition for s smnmi field to be ideally diffuse.
Hence, it 15 possible to construct sound fizlds which have an MBC avcording
b0 {12.2) and which are not ideally diffuse [161.

Besides the spatial distribution of the sound sources and the toom acous
tics the directivity of the microphones also hag an Impact on the measurad
coherence. For omnidirectional micropliones the coberence of the ideally dif-
fuse sound feld s piven by (12.2) independent of the microphone orienta-
tion. For directional microphones the coherence depends on the orientation
of the microphones o each other, Figure 12.2 plots the coberence of the ide-
ally diffuse sound field for microphones with a cardioid directivity pattern.
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Fig. 12.2. Maguitude squared coherence of two microphone signals in an ideally
diffuse noise field [17]

7i. The microphones bave a cardicid directivity patbern and
different look directions. The microphone distance is 0.1m, 0% equals broadside
srientation.

{a}: both microphoues are turned clockwise by the same angle;

(b} one microphone i burned clockwise, the other counterclodowise.

(oo 3t B3° gm0 0% worm, (-0 907 guren,

In Figure 12.2a the microphones were turned from a broadside orientation
{0} clockwise by the same angle. In Figure 12.9b one microphone i turned
clockwise, the other is turned counterclockwise hy the same angle. In the
90° position the directions of maximal sensitivity face each other. When the
microphones look in different directions, the MSC at low frequencies is sig-
nificantly reduced [17].

12.2.2 The Heverberation Distance

The coherence of the microphone signals depends on the amount of spatially
uncorrelated sound energy and thus also on the amount, of reverberated sound
within these signals. The reverberation distance [14], 4, con be used to chas-
acterize the ratio of divect sound energy to reverberated sound energy. When
a sound soures radiates sound equally under free field vonditions in all spatial
directions, the energy density at the distance

Y R
I S ! Vim -
v = )~ 2 0.0 ms f W"/ . (12.3)
16a w1 g/ B
has the same magnitude as the steady-state energy densily which is oblained

when the same sound power is radiated in » reverberant enclosure. ¥ ap de-
notes the absorption coefficient averaged over all walls of the enclosure. 4 is
the area of all of these walls, ¥V is the volume of the enclogure, and Tyq s
the reverberation time. The approximation on the rvight hand side of {12.8)
is obtained when the reverberation time is computed using Sabine’s squa-
tion {14}, which holds when 4 is small compared to unity. For an office
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19 Small Microphone Arrays with FPostfilbers 259

roomm with V= 100m° and a reverberation time of 0.7¢ the reverberation
distance is about 7y & (.67 m. The direct sound energy outweighs the rever-
herated sound energy when the receiver is within a sphere with radius ry.
The portion of direct sound energy in the microphone sipnals is significantly
incressed if the sonund source and the sound receiver have a pronounced dires-
tivity. For microphones with a hypercardioid sensitivity pattern the eifective
reverberation distance is approximately twice as large ag the reverberation
distance of ormnidivectionsal receivers,

12.2.8 oherence of Noise and Speech in Reverberant Enclosures

T this section we present and discuss coherence measurements for noise and
speech signalz. As we will see in Section 12.3, the two-microphone postfilter
approach relies on a low coherence of noise signals and a high coherence of
the desired speech signal.

{‘sherence of Gffice Noise Figure 12.3 shows the coherence of the ideally
diffuge sound fisld (solid) and the measured coherence of noise in a reverber
ant office room {dotted). The noise in this room is generated by computer fans
and hard disk drives. The microphones have an omnidirectional divectivity
pattern. We find that the width of the main maximum is well modeled by the
coherence of the ideally diffuse sound field. To avoid coberent noise within
the telephone bandwidth of 300 < f < 3400Hsz, the microphone distance
must be larger than Odm,

Coherence of Car Noise Figure 12.4 plots the coherence of noise recorded
in o car. In this case the microphones have a hypercardicid divectivity pattern
and were turned towards the driver by about 15 degrees. In arcordance with
Fig. 12.2 the application of dirscticnal microphones results in a significant
reduction of the MBC at low frequencies.

Coherence of Speech In contrast to the spatially distributed noise sources
of the typical, noisy envivonment {office or car), the near-end speaker can be
madeled by a point source provided the microphones ave located sufficiently
far from the speaker’s mouth. The transmission of the speech signal from the
raouth of the speaker to the ricrophones can be then described by lmear
transfer functions.

The MSC as defined in (12.1) Is invariant under Huear transformations
of the input signals [12]. The MSC of a single speaker in a noise-free, re-
verberant enclosure should be therefore cloge to one regardless of where the
speaker is situated with respect to the microphones and regardless of the ve-
verberation distance. Howaver, in a practical application where the coherence
must be estimated from finite signal segments the estimated coherence might
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Fig. 12.3. Coherence of the ideally diffuse sound field {zolid) and measured co-
herence {dotted) of office nolse for smnidirectional microphones and microphone

distances dade = 01m (8}, due = 0.2m (B}, duge = 0dm {o), and doge = 086m
(d}.

be severely blased. If, for instance, the coherence la estimated by averaging
magaitude squared DFT frames {periodograms) the coherence estimate of
reverherated spesch is blased towards zero. The biss depends on the ratio
of the block length of the DFT to the length of the impulse response of the
acoustis path, and on the distribution of energy in the impulse response [17].

Figure 12.5 plots the estimated cohervence of a speech signal uttered by
a speaker in a reverberant room (Th = 0.78) for omnidivectional and for
hrypereardiodd microphones and three distances from speaker 1o microphones.
: 1e coherence, the speech signals were segmented into frames of
128 signal samples ab a samphing rate of [ = 8 kHz, To improve the rendering
of the wwherence plots, the signal frames wers zero-padded 0 a DFT frame
length of 812 samples. A short term cohersnce estimate was then computed
on the basiz of short time sveraged periodograms and the final eoherence
estimate by long term averaging the short term coherence estimates, Taking
the dirsctivity of & ooman speaker into account, the sffective reverberation
distance of this setup i about 0.9m fy ownddivectional microphonsas, For
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Fig. 12.4. Messured coberence of noise in & car for hypercardioid microphones and

the hypercardioid mierophones the effeciive reverberation distance is about
1.8t We And that even when the speaker is well within the reverberation
distance the coherence s significantly below unity. This is a result of the
relatively large reverberation time and the small frame size of the coherence
estimation procedure. The estimated coherence iz less blased m environments
with shorter reverberation tines, e.5., in a car. Nevertheless, it is inportant
that the speaker i located well within the reverberation distance since the
voherence will be additionally reduced by incoherent ambient nolse.

Smilar results are obtained when a speech signal is radiated from a (small)
loudspeaker of a hands-free conferencing terminal into the acoustic environ-
ment. Since the feedback of speech echoes via the nodse reduction system o
the far-end side is not desived, the coherence of these speech echoes should
be low. They can be then treated in the same way ss ambient noise. The
coherence of the microphone signals in the presence of speech echoes depends
to a large extent on the placement of the loudspesker with respect to the
microphones, on the directional pattern of the ruicrophones, and the room
acoustics. To increase the robustness of a hands-free conferencing terminal,
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Pig. 12.5. Long term speech spectrum (a) and long term average of the MSU of
a speech sigoal tn an office room for omuidirectional (b} and for hypercardinid ()
raicrophones and various distances {{ P05 wm{ B (e =3 2 m) from
speaker to microphones. The distance between microphones is 0.4 m.

the coupling between the lnuwdspeaker and the ruicrophones and the coherence
of the speech echoes must be ninimized. This can be, for instance, achieved
by using directional microphones and by placing the loudspeaker in the di-
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12 Small Microphone Avrays with Postfiloers 83

12.3  Analysis of the Wiener Filter with Symmetric
Input Signals

In this section we compute the mean square error of the two-microphone
adaptive algorithm with symmetric input signals when the filter is adapted
by means of the unconstvained Wiener filter [18]. In contrast to other Wiener
filter optimization approaches, we do not use the undisturbed desired speech
signal as a reference in the derivation of the optimal filter. We show that
the performance of the system can be characterized using the magnitude
squared coherence (MSC) function of the microphone signals. The analysis
supplements the coherence measurernunts of the previous seckion.

Tor the computation of the linear MMSE filter and its mean square error
we consider an IR flter as shown in Figure 12.62 and assume that the put
signals 2, [k] = s,[k] + oo {k], 7 € {12}, ave the sum of elean speech signalg
sa[k] and noise signals v, k], In Figure 12.0a, wolkl = & gtk i the nput
signal of the adaptive filter while wy k] = s;]k} + vy [k] serves as o reference
signal. Since both microphones pick up speech and noise alike, the reference
signal contains not only (reverberated) speech but also noise.

The Wiener flter in Figure 12.6a minimiges the mean square eror
E{{a1[k] ~ 3[k]y7}. where 3[&] is computed using the non-causal THR flter,
When the speech and the noise signals arve statistically independent, the §
quenty response of the Wiener solution is given by [18

Posolf)  Payg(() + Paws(f2)
P82} Poana{2) + Poausiesy
. --?5133(52} 4 Py {(2) {12.5)

.

P

Huwl() =

binauticn of two optimal subfil-

which i recognized ag a linear com
(({?},’IPAMQQ} and AHW};%{Q} =

ters, see Figure 12.8b. Hewmif?) = P
P2l 0}/ Pagen{(2) are linear MMSE estimators for the speech component
5]k} and the (undesired) nolse component ¢y [ of the reference signal 24 (],
respectively. The estimation ervor belween the desired speech signal s, [k] and
the output of the Wiener filter k] can therefore be written In terms of the
estimation errors of the sublilbers

”

»

= (k-5 CYERAGE (12.6)
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Fig. 12.6. The Wiener filter (8) and s subfilier decomposiiion (b).

e = . Nt o TETR
where we used E {21 ﬁk;} =K { vy [kl [!’ﬁ]} which holds for the MMSE filter,
Uslag Parceval’s relation, the minimum mean sqguare errors of the uncon-
strained subfilters Hop (2} and H.ops (12} can be rewritten in the frequency
domain az [18]

E{ (k] - Bik]) a1}

=5 [ o (@0 = 2= [ Heope () Biy ()00 (1210)
I

Prya (2y 4 Foyp, (1)

Vg

17 - Pooe (P y
fucsey i?;;j/ Ft’}.:{-’l {Q:} ’:?..{2 i g:r"’ / 1 e (\({(}E (iff?{}i'ﬂ}}
~x

and

(MdN (12.12)

a8y fig

i e
‘ - % g ‘§ it @ .
== Foy o, ({482 — 5 / Hoope (I P},

kS

() + FPopo, (1) 7

S

ki B
’ S T & P (F .‘
/fﬁlsi (24172 — 5 / . w02 2] dH32.13)
o LI R Y )

where Py, {12} denotes the (cross) power spectral density of the signals in the
subscript.
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12 Small Microphope Arvavs with Posthilters 265

Applying these results to (12.9), we obtain {or the overall MMSE

. 1 ‘ ii% o (P = P ()
’/‘ N T e Tt A1 {m&\' AT E“A : - Q,.
E{eli) =5 fp‘l D al o j/ DT Pa () =

\ 4
(12.14)

The representation of the MMSE in the frequency domain shows that a sue-

cessful application (i.e. a small MMSE) of the two-microphone Wiener filter
to the speech enhancement, task requires & High correlstion of the spesch
components &1k} and 5[k} and a low correlation of the nolse components
w (k] and vafk). In the following sections we consider two special cases.

12.8.1  No Near Ead Speech

During speech pause, 8 [k] = sa[k] = 0, the MMSE B {Z[k]} 1s given by

e £7 “ 5 f‘{“ vs (2) Clpy {12) 42 .

{12.15)

The residual noise at the output of the optimal filter depends on the power
spectral density Po,o, (21 of the noise and the coherence Cy,q, {43} of the
noise components,

12.5.2 High Signal to Nolse Ratlo

If the microphone signals have a high SNR the MMSE can be written as a
function of the power spectral density of the speech signal and the coher-
enve Oy, 5, (12} of the speech r'omp(}"mn‘b The approximations Py, (12} >
Pryon (1) and Peyy (12) 3 [Py ()] lead 10

E{2H} jfﬁ o () (L= Oy, ()42 (12.16)

A prevequisite for high speech quality is thus a coherence of the speech com-
pronents which is close to one. Incoherent speech components generated, for
instance, by reverberation will be attenuated. Whether this attenuation con-
stitutes an improvement or a reduction of the perceived speech quality de-
pends on the ratio of coherent and incoherent spench sounds and the noise
level. If the speech components are Jess coherent than the ambient noise the
SNR will not be improved. A sufficient amount of coherent gpeech is there-
fore of paramount importance for a good performance of the coherence based
two-microphone speech enhancement system. The coherence of speech signals
can be improved by using direstional mierophones.
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266 Martin
12.4 A Noise Reduction Application

In this section we deseribe a nolse reduction algorithm which is based on the
Wiener filter as discussed in Section 12.3. The algorithm uses a titne domain
buplementation of the Wiener filter and was developed for the voice intercom
of 5 computed tomography scanner.

The voice communication between a patient in a computed tamuography
{CT) seanner and the operator ab the control desk is disturbed by acoustic
noise which ariginates frorn the CT scanner. The acoustic noise in the gantry
tunnel is due fo numercus cooling fans and to the rotating x-ray fmaging
system. To reduce the fatigne of the operator, it is very desirable to 1
the level of noise transmitted from the pantry of the scanmer to the con-
trol desk. Singe the noise is highly non-stationary, single microphone speech
enhancement methods do not perform well in this enviromment.

Figure 12.7 illustrates the application of the two-microphone noise re-
duction algorithm in the computed tomography scanner. The microphones
which pick up the patient’s speech are mounted inside the gantry tunnel at
a distance of 0.4 m. The microphone signals are sampled and processed on a
DEP. The enhanced signal &k] ix then played back on a loudspeaker at the
control desk.

FEns]

12.4.1  An Implementation Based on the NLMS Algorithm

Figure 12.8 shows a block diagram of the time domain implementation.
The microphone signals are bandlimited to 3600 Hz and sampled with
fe = 8000 Hz. Preemphasis filters whiten the input signals and thus im-
prove the convergence of the adaptive filter. They also help to improve the

prompt

g

IMENOEY

[ :

il noise

P .

AR reduction ;

L - 3 S gl 1

-

2 microphones
dm-ic = $4dm

Fig. 12.7. Application of the $wo-microphone noise reduction system for voice eome
muaication in a computed tomography scanper.
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Fig. 12.8. Block diagram of the two-microphone nofse reduction system.
LE: lowpass filter, HP: bighpass filter, 4T =T — 7.

reproduction of high frequency speech components in a fixed-point fmple-

mentation,

An adaptive time delay estimation alperithra compensates time delays
between the two input signals. The time delay compensation is haged on the
correlation of the two mierophone signals and on the SNR. When a high
SNR is detected, a recursively smoothed correlation function is searched for
sodma and the time delay is determined [17]. To avoid noticeable lowpass
or comb-Ritering effects, the magnitude of the delay ervor after delay com-
pensation should be smaller than 1/{4f,).

The spectral density and the eoberence properties of the microphone sig-
nals suggest processing the speech signal in two frequency bands, Above
800 Hz, a linear phase adaptive Wiener filter is used which suppresses ineo-
herent signal components (noise and reverberated spesch} and passes highly
coherent speech sipnals. Processing the frequency band below 800 Hz with
this adaptive filter would result in noticeable fluctuations of the residual

noise. These Ructuations are caused by the correlation of the noise signals at
low frequencies. The noise in the band between 246 and 800 Hz i therefors
suppressed by an adaptive scalar factor bk}, This factor is comrolled by the
specch activity of the person inside the gantry punnel. The speech activity is
determined Ly the SNR estimator which is also used to increase the robust-
ness of the time delay estimation algovithuy [18]. The frequency hand below
340} Hy is attenuated by 20 dB by means of a second order recursive highpass
filter. The deernphasis filter at the output of the speech enhancement system
restores the speciral characteristics of the speech sipgnal, This noise reduction
system is currently used in the Slemens SOMATOM PLUS 4 OT scanner?.

LY

! Glemens and SOMATOM PLUS 4 are registerad irademarks of Slemens Al
Germsny.
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268 Martin

The computational complexity of the algorithm is about 10 MIPS on o 24 bit
fixed-point DEP. In what follows we briefly deseribe the algorithm.

12.4.2 Frocessing in the 800 ~ 3804 Hs Band

The Wiener Hlier & approdimated by two antiparallel Hnear phase NLMS
adapted FIR filters {see Figure 12.8). The adaptive filters with the coefficient
vectors [k and Belk] of order Ly = 64 are updated using a linear phase
version [20] of the NLMS algorithm (T = Ly /2),

Palk 4+ 1] = ha[B] + e [R] {“if” I%) gy [k
y'ﬁp;,;reh gfihpprf i‘gf

§ {1217}

F b PR appnealk ,
ok 4 1] = hofk] + cuik}{ ,f' ) Ytppecl ] . {12.18)
Yippre kjy}i?ﬁm i;”é
where ¥ denotes the identity matrix and
6006. 1
ga.
0. 1
Pei., o . {12.19}
1 G

00
L0000

denotes a modified reflection matrix. The error signals edJk] and exfk] are
given by

{,igk: = ?)’l’ﬁpprﬁi’.{& - Tﬂ‘ o yg;prék} ;g‘kghl {;ﬂ {}"2{“}{}}
€2 E‘k’: = Hopprel {& - THE y}?ppreﬁzkéhﬁ EH : (12.21)
and
A r T - Y T FE
Yhppral [;{,_ = A ¥ hpprel ifz*f] » oees Hhppmel ué - L ?} (3~2~x§-2_5
P ; 3 5 'T €y R
yhppxeﬁ{kj = ‘{’Zimzpmﬁpﬁ]: ---:fihpp:re?i;‘? e Lﬁ”j} (12.23)

dencte the data vectors of the liler inpub sigoals. a s 0.1 s the stepsize
parameter of the NLMS algorithin. Because of the symumetey of the coefficient
vector updates (7 + T R) Yhpprot [k} and (I 4 3} Whppeez K] and & symmetric
initialization, the coefficient vectors by (k1] and h[k+1] are symmetric for
all k. Therefors, only the first half of the vectors need to be adapted.
To filter the combined input signals of the upper band, {guppea k] +

Ynpors2[B1}/2, we use the mean of the two adaptive coefficient vectors fiy (k]
and holk] and an additional smoothing window w = (wp, w1, .., Wiy }z

Bk ~
+halk] o (12.24)
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12 Swall Microphone Arrays with Postfilsers 269

The symbol & denotes the pointwise ruultiplication of two vectors. The win-
dow function is used to smooth the frequency response of the adaptive 8-
ter. A Kaiser window [21] with a shape parameter Sgaiser i the rangs of
3 < Bitiver < 5 results in good speach quality and increased noise reduction.
Since the coefficient vectors iy [k] and halk] represent linear phase filters, the
averaging of the vectors hy (k] and Aalk] in (12.24) yvields an average of the
amplitude spectra of these filters without errors due to mismatching phase
apeetra.

12.4.3 Processing in the 340 - 8068 Hz Band

The attenuation factor 8k] (b < BlE] < bnae) 18 controlled by a speach ac-
tivity detector and adjusted according to the estimated SNR. Whenever the
patimated SNR iz below a preselected threshold the attenuation is slowly and
successively increased until & moximum attenuation of 40 dB {correspond-
g 80 By, = 0.01) i reached. Whenever the estimated SNR is above the
threshold the attenuation is rapidly decreased to a miniroum value of 3 4B
By == 0.5). The SNR threshold is set to 3 dB. Thus, the attenuation factor
bk} is computed using the recursive syster

1= f’{%«]ﬁi + Brpge {1~

}
Bk o+ 11 = bklBs + buin (1 — o), SNE < threshold. {12.26)

ks

81, SNE » threshold {12.25)

The smoothing constants & and Sy are set to = 0.8996 and Z» = 0.00988.

12.4.4 Fyaluation
We assess the performance of the noise reduction algorithim in terms of

o distortion of the speech signal;
s noise reduction durlng speech activity;
e poise reduction during speech panse.

‘hese criteria can be measured during stmulation of the speech enhancsmend
n. For the purpose of measuring the above properties, the adaptive filter
uplicated such that the undisturbed speech signal and the noise signal
can be processed independently [22]. Figure 12.9a outlines this approach. It
requires separate recordings of the noise and the gpeech signals.

The speech signal distortion can then be measured a8 the sepmental SNR
of the filtered signal §[k] with respect to the unprocessed delayed speech
signal sk — Tyl

&

g K1
¢ &F & 1 {CEAT g % £ 45y £y
SEGHENE; = W S roax (SNH: ., (m}, 0} (12.27}

gy}
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£

mA A1
;,,,: & Ek - TgE
SN ﬁ:~& {"m,i} = 1 - Jog b M (12.28)

s 8 4 S b i

SN (§k] - sk~ Ta])*

b 3

M denotes the segment length and K the number of segments. To reduce the
influence of speech pauses, we average the SNR of only those spesch signal
frames which exhibit an SNR larger than U 4B, Since we use s linear phase
filter, the segmental SNR messures the amplitude distortion of the speech
signal and is therefore well correlated with perceived distortions.

The attenmation of the noise sipnals during speech activity N Raoriye snd
during speech pause N Rpeuse 18 messured as the power ratio of the noise
signals befors and after the adaptive filter

N Raceive = 10000 (PR = T /P;{?;;}) L Bllk) #£0 (12.29)

N Bouuse = 10100 {P k- Tfﬂfipa-{k}} , Pkl =0, (12.30)

where P,lk] and P;[k] denote the average power of the unprocessed and the
processed noise signal, respectively. FlA]
speech signal.

adaptive flter 3[K] 10
h|k}

E SR
¥
T L

0 10 24
SNR / dB

Fig. 12.8. Method for computing objective meagures {(a). Distortion of speech sig-
nal and noise rednction during speech activity snd during speech pause vs. input

NR of the adaptive flter in the upper band (b). Step size: o = 0.1, filter order

(e} Sogmental SNR of speech; (- )i noise atbenuation during speech panse;
{oome b modse reduction during speech aotivity.
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12 Small Microphone Arrays with Pogtfilters 271

Figure 12.90 plots the objective measures as a function of the input SNI.
For this experimets, adaptive Olters of order Ly = 84 and 2 rectangular
window w were used {equivalent to Braiwer = 0. It can be seen that the
speech pignal distortion increases ag the nput SNR decresses. When the in-
eoherent noise becomes dominant at about 0 dB, the speech SN significontly
degrades. The noise reduction durving speech pause is about 5 - 6 dB. | can
be improved by 2 ~ 3 4B if a tapered smoothing window is used. The oversll
noise reduction during speech pause inchuding the adaptive scalar weighting
in the lower band and the highpass filter is about 14 dB during speech pause.

12.4.%5  Alternative Dmplementations of the Coherence Based
Postfiller

The sprech ephancement gystem as outlined above explaits the coherence
properties of the microphone signals, Coberence based noise reduction sys-
tems ean be also implemented in the frequency domain [3,9,5,68]. Bince the
coherence baged approach does not rely on an explicit noise power spectral
density estimate, the perfonmance of these systers is limited by the coherence
of the noise and the speech signals. To lmprove the noige reducti pecially
for low frequencies, the combination with spectral welghting techniques has
been proposed. In [5] the coherence function is also employed to detect speech
pauses and to enable noiss power sperteal estimation during speech pauses.
In [23] the cross power spectral density of the microphone signals is used to
derive an explicit noise power spectral density estimate, which is then used in
a two-channel spectral subtraction, Combined with small superdirective end-
fire arrays, this system led to significant improvements of speech batelligibility
rwetion with cochlear mplams [24]

12.5 Combined Noise and Acoustic Echo Reduction

A hands-fres confarencing system has to cope not only with ambient noise
bt alzo with acoustic echoes. The feadback of the far-ond speech signal via
the loudspeaker, the room, and the microphone (the “LEM system™) back
to the far-end side necessitates an scho suppression device to guarantee the
stability of the eleciro-acoustic loop and to supply sufficient echo reduction.
While the stability of the dectro-acoustic loop can be treated a8 a countrol
problem, the echo reduction alms at making the scho imperceptible. The echo
reduction problem i therefore closely Hnked to psychoacoustics, especially to
masking effects in the human suditory system,

The noise and the scho reduction problems were addressed independently
for many vears {see ez, [25-28] and [20.30) for reviews of these methods),
To achieve optimal performance i has been recognized, however, that the
acho control and notse reduction problem should be tackled in a combined
approach [31,8,32-34]. The combined treatment yields algorithimg which de-
liver better performance at less computational costs than svstems based on
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Fig. 12,10, Processing options for combined systems: BC precedes ENR {a), BNR
precedes BEC {b).

separate algorithms [8,35] In this section we will outline one solution o the
combined echo and noise reduction problem and show how the coberence
based nolse reduction postfilier can be extended to achisve a high level of
echo reduction. This requires the integration of echo cancellers into the two-
microphone speech enhancement systam.

When acoustic scho cancellation is combined with an echo and noise re-
duction postfilter it must be asked in which order these two processing opera-
tions shonld be performed [36]. Figures 12,10 and 12.10b depict two principal
cages: the configuration BU/NE where the acoustic echo cancellation (EC)
pracades a speech enhancement postfilter (NR), and vice versa, the ronfigu-
ration NR/EC. :

Although the echo canceller can benefit from the noise reduction in the
NR/EC configuration, there are good reasons why the configuration of Fig-
ure 12.10a, where the echo cancellation precedes the noise reduction, s prefer-
able. The main advantage of the EC/NR configuration is that the noise re-
duction postiilter is not presented with the disturbing and possibly highly
coherant echo that is found in the microphone signals and that there I8 no
time varving noise reduction flier in the echo path, Besides that, if the echo
canceller doss not deliver sufficient echo attenuation, the regidual sche can be
treated similar to the background noise signal and can be further attenuated
by the postfilter. This idea Is successfully exploited in a frequency selective
echo reduction technique, called echo shaping [37], which does not require
complete cancellation of the echoe by the echo canceller. Instead, the total
echo attenuation is split between the echo cancellers and the pogtfilter. A
digadvantage of the BC/NR approach is, however, that it requires cancelln
tion of the microphone signals of the array by individual canceliers.

The combination of acoustic echo cancellation with an adaptive micro-
phone srray is a challenging task by itsell [38-40L If we provide a canceller
for each wicrophone channel, the echo cancellers converge as well as in the
single microphone case. However, the computational load may be too large.
I o single echo canceller is placed after the summation point of the array, the
adaptation of the echo canceller might be severely disturbed when the look
direction of the array is adapted o the speaker position.
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Fig. 12,11, Block diagram of the fwo microphone combined echo and noize redue-
tion algoritbo.

To avoid the adaptation and the complexity problems, we adopt a strat-
egy ag follows: The echo cancellers are placed at the microphone inputs but
they are equipped with a reduced number of filter taps. The echo attenua-
tion of the cancellers will be reduced but since they have fewer filter taps
their spesd of comvergence will be improved. The reduced echo attenuation
of the echo cancellors s eompensated for by the arvay gain 41] and the noise
rechiction postfiber which will also reduce scoustic echoes, especially the in-
coherent late reverberation pertion. To braprove the echo suppression, we
apply additional echo attenvation in the postiilter by using the sche shaping
technique for the postfilter adaptation. The eche sheping technigue attenu-
ates only those frequencies for which the echoe dominates the near-end signal.
It leads to sipnificantly mereased echo attenuation, to acceptable near-end
signal distortions during double talk, and to modest computational demands
as compared to single-microphone speech enhancement systems,

Figure 12.11 depicts a Bock disgram of the combined echo and noise
reduction algorithm. The cancellers at the microphone inputs are WLMS
adapted FIR filters with adaptive stepsize control [421 The echo cancelled
signals are time delay compensated. Becsuse some of the echo 8 ncoherent,
the noise reduction postfiter will also reduce acoustic echoes. To amplify this
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effect and 10 reduce coherant echoes, the amount of echo in the nputs of the
adaptive flters is deliberately increased by using a linear combination of the
microphone signal 2.{k] and the echo compensated signal e, [k} as an input
to the adaptive Alters. The reference signal of the adaptive filtors is the echo
compensated signal of the other microphone channel. Neglecting the time
delay compensation {or letting v = T7), the input 1o the adaptive filter iy is
given by

k] {(12.31)
= 5, [k] + v Tk] + dufk] ~ (1 = afk]di[k] , {12.32)

3

where oy [k denotes the echo dignal and d [k] the echo estimate of the echo
caneeller. The linsar combination is controllad by the time varying factor afk].
For alk] > 0 there will be morve echo in the input signal of the adaptive filter
than in the reference signal since the reference signal is the echo compensated
signal. Tn match the echo level of the reference signal, .
will attenwate the soho If it dominates the near-end signals. Therefore, this
mechanism provides for additional echo attenuation whensver the echo is
disturbing. An algorithm for the adaptation of the “mixing factor” k] is
outhined in [171.

12.5.3 Experimenial Besulis

The two-microphone slgorithm as explained above was evaluated in a deshk-
top conferencing experiment. Since we ain for low coherence of the acoustic
cchoes and high inherent robustoess, the acoustic interface was designed such
that there is Httle coupling between the loudspesker and the microphones.
Also, to increasse the performance of the system, divectional microphones or
small superdirective endfire arravs [43] should be used. Figure 12,12 explains
the experbmensal setup. The near-end spesker and the microphones ave placed
at a table in accordance with ITU-T recommendation P34 [44]. The micro-
phones have a hypercardiold directivity pattern and the loudspeaker Is placed
in o direction of low sensitivity of the microphones. The specific arrangement
of the microphones aand the loudspeaker combined with the gains of the loud-
speaker and the microphone smplifiers resulted in an echo return loss of § 4B,
A similar setup {with similar results) was alse used in & car. In this case the

two microphones were mounted at the sun vigsor and the loudspeaker was

%

ed to the dashboard.

Figure 12.13a plots the echo return loss enbancement (ERLE) for single
tolk and o stationary LBM system as a function of the number of compen-
sator taps. For alkl = 0, the postiilier reduces noise and incoherent echo
components only. The additional echo reduction delivered by the postilter
is then about § dB, independent of the compensator order. A g sant in-
eresse of the echo attenustion iv achieved when the echo shaping algorishm
is turned on {alk] adaptive). It can be shown with the noise-free case thet

abt

-274-



Phoebe.Wong
Sticky Note
None set by Phoebe.Wong

Phoebe.Wong
Sticky Note
MigrationNone set by Phoebe.Wong

Phoebe.Wong
Sticky Note
Unmarked set by Phoebe.Wong


12 Small Microphone Arvays with Postfilbors 275

for (k! = 1 the possfilier delivers the same amount of echo suppression as
the echo canceller alone [17L Hence, the slope of the ERLE vs. compensstor
arder plot iz about twice as steep as the slope of the plat for the echo canceller
only. Figure 12.13b plots the BRLE as a function of the SNR. Again we find
a significant increase of the echo attennation for the echo shaping techrigue.
Tor double talh most of the echo reduction is delivered by the echo canceller
sinee the coherent near-end speech is passed by the filter. Ounly for frequen-
cies where the residual echo dominates the near-end signal is significant echo
reduction applied. If the far-end speaker is not active {no echo), the combined
system behaves exactly like the two-microphone noise reduction systems of
Soction 19.4.1. For the office situation the average nolse reduction is aboud

10 dB.

12.6 Conclusions

This chapter bas presented a two-microphone postfilter approach to nolse
reduction and to combined echo and noise reduction. It was shown that the
performance of these systems i closely linked to the spatial coherence of
the speech, the noise, and the echo signals. The coberence based processing
is useful only above s cutoff frequency which depends on the microphone
distance. However, a8 a high coherence of the speech signal is also of great
importance, the microphone distance cannot be made arbitrarily large. Best
results are therefore obtained when microphones or small {endfire) arvays
with a high directivity are used in conjunction with the proposed postiilier.

P B

I B g w1fk]

near-end

speaker o - T
speaks D il B TY e zalk]

Fig. 12.12. Setup of the asar-end speaker, the microphones, and the loudepeaker
for conferencing experiments. The micropbones bave 3 hypercardiold divectivity
patters.
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276 Martin

The array and posthilter approach has been sucesssfully deploved in the voice
mtercom of a computed tomography scanner.
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15  Speech Recognition with Microphone
Arrays

Maurizio Omologe, Marco Matagsond, and Piergiorgio Svaizer

FRO-IRST (Tstituto per ls Ricerca Scientifica » Teenologica), Pove (Trento}, Thaly

Abstract., Microphone arrays can be advantageously emplayed in Automatic
Speech Recognition {ASR] systems o allow distant-salking interaction. Ther besm-
forming capabilities are used to enhance the speech message, while attenuating the
undesired contribution of environmentsl noise and reverberation. In the first part
of this chapter the state of the art of ASR systems is briefly reviewed, with a par-
siewlar concern about robustness in distant-talker applications. The objective is the
reduciion of the mismatch between the real noisy data and the acoustic models
used by the recognizer. Beamforming, speech enhancement, {eaturs cotapensation,
and model adaptation are the technigues adopted to this end. The second part
of the chapter is dedicated to the description of a micrephone-array based spesch
recognition system developed at TTC-IRST. i includes o linear sreay hesmformer,
an acoustic front-end for speech activity dedection and feature extraction, a regog-
wition engine based on Hidden Markov Models and the modules for training and
adaptation of the acoustic models. Finally the performance of this system oo &
typical recognition task is reporfed.

15.1  Introduction

During the last decade research on ASR technology has made significant ad-
vances. As aresult, high performance systems are now available for situations
where there i a good match between testing and training conditions [1,2).
Fowever, these same systems tend to sufler from a limited robustpess o
variability in their operating environment [3-8].

One of the most attractive potential features of ABR technology is the
fexibility afforded through hands-free inferaction. Not being encumbered vy
a hand-held or head-mounted microphone may be of considerable utility to
the user. Of particular concern is the distant-talker case where the user is
beyond the normal acquisition range of the system microphone' {e.g. at more

irectional microphone). For ASR

than one meter in the case of an omnidir
applications of moderate/high language complexity this represents a very
arshitious task.

The development of distant-talker ASR will allow for the expansion of
voice activated technology into a number of aress where it has until now

P e sdiztinctions among different types of microphones will not be trontod here.
However, the choices svailable and their relative characteristics should be apecif-
ically addressed in the design of ehe application.
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been ineffective {e.g. noisy offices or factory floors) and will improve its fune-
tionality for applications where it has already seen some use {e.g. computer
dictation or the home). In the first example, volce messages of & varving ns-
ture would have o be recognized as isolated word commands imumersed in g
background of multi-talker speech and noise. The second example involves a
rather clean environment, but 2 large vocabulary of words to idensify.

In the real-world spplications ¥ would alsn be necessary to account for
various factors related to the means of interaciion. The talker's position may
be unknown snd time-varving in an unpredictable fashion. Because of sound
attenuation and talker radiation effects, the guality of the input gdgnal may
be infiuenced by even subtle head movements. Moreover, environmental nolse
and room acoustics play an lmportant role, especially in the case of highly
reverberant conditions and unstationary noise sources. In the most adverse
noisy conditions, a talker will tend to speak more loudly than uvsual and
thereby modify the underlying characteristics of the spesch signal produced
relative to normal speaking conditions. This is known as the Lombard ef
fect [8]. Additionally, when the language/dialogue model becomes more com-
plex, the variability in talking style may increagse and one can expect that
the talker will often speak in spontansous mods,

For these reasons and others, there are many challenging and as yet un-
solved problems in this field. In the lagt few years, some work has been
devoted to the apphostion of multi-microphone based processing for distant-
talker speech recognition. Compared to the number of labs working on hm-
proviog the robustness of single-channel ASR systems, this effort is relatively
small. This fact may be due to the incipient nature of microphone array
sechnology end the incresse in havdware complexity that s required for a
multi-channel front-end, However, judging by the advancements in ASR per-
formance that may be at{ributed to Improvoments in input signal guality
brought about by microphone array processing, this work is well justified.

The remainder of this chapter is organized into two sections. The follow-
ing section surmmarizes the current state of research activity in the field of
ASR, puwrticularly with regard to the distant-talker situation. The fnal sec-
tion details a specific microphone-array based recognition system, namely an
Ttalian language recognizer developed st ITCIRST.

15.2 State of the Art

15.2.1  Automatic Speech Becognition

Autoratic speech recognition can be viewed as a problem of conversion from
speech into text by a decoding provess that involves saveral processing stages,
The characteristics and the difficulty of an ASR application differ substan-
tlally based upon various features. These include vocabulary sive and confus-
ability, speaker independence, language complexity, and input speech quality,
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Fig. 168.1. Coneral block dlagram of » pattern recogaition besed ASR system.

Research on ASE has been conducted for more than four decades. The
related lterature is very large; good overviews of the most significant achieve-
ments can be found in [1,2]. Many different techniques for ASR have been
investigated. Currently, the most widely used approaches are based on some
form of statistical pattern recognition. Thanks to these modern methods,
the prowth in hardware vapability, and the availability of very large speech
corpora for training, the last decade has witnessed high level performance
achieved on recognition tasks of progressively increasing complexity.

The purpose of this section is to give a very brief introduction to the basic
problem and to the most common solutions which have been adopted, with
gpecific reference tn the distant talker problem.

Pattern recognition based ASR A peneral block diagram of an ASE
system based on the pattern recognition approach is shown in Figure 15.1.
1t is assumed that the speech message has been transduced by a microphone
inte an electrical signal and then vonverted into an equivalent digital repre-
sentation with an adequate sampling rate and quantization level {eg. 16 kHz
arid 16 bit, respectively). In general, at a preprocessing level ASR systems
include o pre-ermphasis step in the form of a single tap high-pass filter. The
goal of which is to emphasize high-frequency formants which typically have
a reduced magnitude due to a negative spectral tilt in the speech signal,
particularly voiced sounds.

A speech activity detertion process, also called End-Point Detec-
ton (EPD), is employed to isolate speech events from other segments and
background noise. Several techniques are available for EPD, e.g. [10-14]
These are usunlly based on criteria such as shori-term energy and zero-
crossing rate. However, they may slso rely on the same acoustic features
used during the recognition process,

The objective of Feature Extraction {FE) is to convert the input signal
into some form of compressed parsmeteic representation. The most common
exarnples of FE are based on short-time spectral analysis. Speech can be
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Pig. 15.2. Block diagram of the computation of Mel-based cepsiral cosflicionts.

considered statistically stationary over short periods of time {a few teus of
milliseconds). Ay a conseguence, the analysis frame size employed for FE is
generally over 15 ms with a step gize in the range of 5-30 ms. The FE process
produces a sequence of vectors of dimension norrnally ranging bebween
8 and 12, These vectors ars frequently augmented by including dats to char-
acterize the Hirst and second order time derivatives of the given features.

A number feature sets have heen investigated for ASR. Popular ones in-
clude Melscaled Cepstral Coellicients (MCUs) {see Figure 15.2), LPC coef-
ficients, PLP coefficients [5,15]. Currently, MUCs are the most widely used
scoustic featurss for ASR. Figuse 15.2 outlines their method of production.
Bagically, o triangular filter-bank is applied to the output of s short-term
spectral analysis. The logarithmicdike Mel scale models the frequancy reso-
hution of the human ear and for this reason is preferred to o Hoear scale in the
filker-bank. A Discrete Cosine Transform (DOT) is then applisd to decorre-
late the log-filter-bank output. The resulting MCC s meagy then be statistically
maodeled through Gaussians with diagonal covariance matrices. This property
is uaeful in the case of HMM-based recognition discussed below.

Nots that non-lnearities and approgimations are included in the process-
ing that derives the acoustic features from the signal or its power spectrum
represertation. For instance, the output of the filler-bank used for MCC com-
putation provides a rough approximation to the FFT-hased spectral analysis
method. As a consequence, when addressing the impact of microphone arrays
to digtani-talker ASR, it is possible that mprovements in signal quality pro-
duced by the array processing sy be rendered ineffective during successive
stages of the recognition chain because of these approximations.

In the pattern recognition approach to ASR, the acoustic feature vector se-
quence derived from the vnlnown speech s compared to the feature ssquence
of reference speech. Among the varlous ways to perform this comparison,
three methods have been primarily utilized: Hidden Markov Model (HMM),
Dynamic Time Warping (DTW), and Artificial Neural Networks (ANN). A
detailed discussion of these techniques, the funciional relationships between
thern, and the hybeid solutions which have been studied {e.g. ANN/HMM),
goes beyond the scope of this chapter and can be found i 1,2

The literaturs reports that for simple tasks {e.g. connected digit recogni-
tion) in controdled and matched envivonments {Le. the user interacts with a
cloge-talking microphone and the system has been trained on clean spench),
satisfactory recogoition performance can be obtained using any of the above
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wnie i

Fig. 15.3. Concatenation of three HiM-based phone models, characterized by a
teft-toeright three-state topalogy.

methods. However, HMM’s are currently considered to be the most effactive
and stable framework for speech modeling in a general context. This is par-
ticularly the case for large vocabulary tasks and when s atistical language
modeling as well as integration of the recognizer with a dialogue manager are
requited by the application. As a consequence, the remainder of this chapter

will assume the use of HMM’s as the means for pattern classification. Ac-
cordingly, it will be necessary to present a wodicum of detail regarding the
procedure.

HMM framework In the statistical ASR paradigm, a generic utterance
and the recognizer finds the most
s provided

ronsista of 8 sequence of unknown wort
probable word string, given the observed feature vector seque

by the front-end processing. HMM's serve as the statistical model veed to
classify the utterances and guantify their observation probabilities

Bayes’ rule is used to decompose the reguired probability into two com-
ponents: the o priovi probability of observing the sequence of words {the
“language model”) and the probability of observing the feature vector se-
quence given that word steing (the “acoustic model” ).

Fach word is represented by a chain of basic sounds called phones. An
HMM is adopted for each phone. In practice, the model vonsists of » mumber
of states with the sequencing through them determined by a set of transition
probabilities. Bach state produces observasions which are characterized by a
set of state-dependent ohservation statistics. These are frequently modelad
as mixtures of Gaussian densities. Figure 15.3 shows an example of a three-
state, Markov model. In this case the non-zero transition probabilities are
constrained to produce a lefi-to-right topology which is very common in ASR
apphications.

The Training Problem involves learning the appropriate HMM parameters
given a reference enserble of feature sequences associated with the desired
word. An efficient procedure known as the Baum-Welch algorithm is available
for this purpose. For what concerns the Scoring Problem during recognition,
once the most Hkely state sequence is selected, the related recognized text
i provided. The Viterbi algorithm is comumonly used to efficiently gvaluate
word string likelihoods.
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Fig. 15.4. Block diagram of a robust ASK svstem operating in an adverse envi-
vonment. Highlighted blocks, operating either in the signal space or in the fen-
fure/model space, contribute to reduce the mismaich bebwesn nolzy data and the
acoustic models used by the recognizer.

For a more thorough development of HMM theory and practice, see [14]
As to the maln concerns of this chapter, note that the theory of HMM and
its application to ASK are based on a number of signal assumptions, among
which is that of statistical Independenics of the observations over time. This
is not satisfied in many cases, particularly for speech acquired in the presence
of noise and reverberations.

15.2.2 Hobustness in ASR

The crucial aspect for most ASH technigues is robustness. In practics, perfor
mance very often degrades rapidly when these systerns are nsed with speech
input taken from a noley environment or, in general, with speech input hav-
ing characterigtics which differ from those observed during the training phase.
Mismatch E"xmwem trsiming and test conditions can be caused by many fac-
. nples are background nolse, transducers, channel noise, inter-

or ility, and uponmrwhuprW{,h phenomena. Hence, ﬂem?;uhtv

&P(f mbu»mes‘a with respect to these sources of variability is one of the main
objectives of current ASR research [3-8]. Generally, the training of speech
recognizers Is accormplished by using large speech corpors. In principle, for
each nolsy environmental condition and, in this case, for each microphone

and talker position, a specific corpus 8 *’E}(}ﬂld be used. This solution being
impractical, » fundamental task for researchers and technology developers

becormes ‘tﬁh&t of exploiting ag much a3 pom.b}e from existing corpora, tools,
techniques, amd o priori knowledge, in order to build robust recognizers.

Current approaches to mproving robustness of noisy kp@@di rec ogmmrs
can be clagsified into a number of categories as reported in [4,7,17). Four of
these general approaches {signal enhancement, feature r:omp@n«,at;r n, tnodel
adaptation, and nolse contamination) are sununarized below. 1srmw 15.4
shows how these methods may be introduced as modules Into a generie HMM-
based architecture to improve systerm robustness.
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15 Bpeech Recognition with Microphone Arrays 387

Enhancement fechnigues are used to increase the guality of the signal
provided to the recognizer [18-211 Thebr nnp%‘% on ASE is not obvious.
There is no direct relationship between the SNR {or perceptual qualisy) of the
resulting signal and speech recognition performance, even when the recognizer
s trained using the same preprocessing. In this regard, a further oritieal
isgne ix that of end-point detection. Several algorvithms {generally based on
@.t;é:.rgy»tbrea}}f_ﬁklm,g techniques) have been proposed, which can be applied
successfully with a BNR as low ag 10 dB. However, most of these algorithms
generally become unusable with lower SNR conditions {51

Many technicgues have been proposed which address the parametric rep-
resentation of the signal. These alm ab constructing a compact and robust
feature set and processing it o compensate for the mismatch between acous-
tic spaces of the cean and nolsy speech. As an example, a very simple fea-
ture normalization technique, often combined with MOCs, is Cepstral Mean
Subtraction {CMS). Tt consists of removing from each f'&ph tral coeflicient se-
UETICR ths mean svaluated across the whole utterance {or over an extended
ibervall. CUMS aids in reducing the influence of slow variations in the acoustic
feature veum:, like those related to convolutional channel effects {e.g. change
of microphone} and to speaker-dependent biases. Other relevant compensa-
tion techniques, operating either in the feature spacs or in the maodel space,
are signal bias removal [22,23], stochastic matching [24,17], noise modeling
and masking [25-27], Parallel Model Cambination {2%,2&}.

In the recent years incressing abtbention bas been devoted to acoustic
model adaptation. When the application requirements allow, these techniques
attempt to adapt system parameters to the speaksr and environment by ex-
ploiting data samples repregentative of the actusl acoustic conditions. For svs-
tems based on continuous-density H ’s, most popular adaptation schemes

rely on maxirum o posteriors (MAP) estimation [307 or maximum likelihood
.i:.rwa)r regression (MLLR) @31»-33; of the model parameters.

Finally, it is possible to adopt an approach known in the lterature as
training date confamination [4,34,35], which provides a way of traluing acous-
tic models which are mors robust and representative of the given real nolsy
ervironament than those derived through training on the corresponding clean
speech. In practice, training data are produced by injecting real or artificial
noise into the clean spesch material, Clusrly, this approach is time-comsuming
and may become impractical when the size of training set grows large. How-
ever, it doeg offer some advantage. For instance, it is free from the negative
spectrum problem typical of nolse subtraction schemes [36].

15.2.83 Microphone Arrays and Related Processing for ASR

The utility of a microphone arvay us input 0 a speech recognition system les
in its sbility to acquire a higher quality signal than that provided by a single
far-feld microphone. The signal enhancerment is obtained by emphasizing the
talker’s speech as well as by reducing noise and reverberation compuonerts.
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These methods are the specific topics of other chapters in this work. The
relevant approaches will only be summarized very briefly here.

In ooder 10 reduce mismatch effects in the recognizer, o first requirement
is that of having uniform lmprovement levels seross the complete speech
spectrum. Additionally, it would be desirable to have thege speelral snhanes-
ments be independent of the talker’s position. Unfortunately, microphone
array frequency responses are characterized by significant variations across
source angles and distances. Conseguently, it Is necessary o reduce a8 much
a5 possible this veriability, which may fntroduce significant discrepancies with
regpect to the training conditions.

In practive, an enhanced output cap be devived from a microphone arvay
by the application of beamforming techniques. The simplest and most com-
monly used approach is the delsy-and-sum beamformer, which reduces the
output power for divections other than that of the steering location by reans
of destructive imterforence. Figure 15.5 llustrates a typlcal result from this
procedure. The delay-and-sum beamformer may be used passively to realign
the signals givan a set of delay sstimates, v actively hy aiming the seray
towards a specific direction. In the former case, delay ostimates ave derived
from Time Delay Estimation (TDE} techuiques [37], as shown in the case
of talker Incation in [38], where a Cross-Power Specsrum Phase analysis was
adopted.

Applying Time Delay Compensation (TD)} processing represents a good
solution for the case of an isotropic {diffuse) noise figld, as no spatial coher-
ence I8 exploitable to suppress undesired components. Very much dependent
on the mumber of arvay elements and their geometry relative to the source po-
sition, delay-and-swn beamforming provides only moderate divectivity gains.
Additional drawbacks [39-43,8], are grating lobes in the directivity patters
and 2 low-pass effect dup to both the benm narrowness at high frequencies
and to imperfect steering caused by baprecige bnter-channel delay estimates,

In the case of coherent nolse sources linearly constrained adaptive beam-
formers, such as those proposed by Frost [44] or the Generalived Sidelobe
Cancelar [45], have the specific objective of eliminating noize contributions in
directinng outside the directivity Iobe. The maln limitation of these achemes
in o reverberant environment is the issue of signal vancellation. Since the
degradations are correlated with the desived signal, the suppression process
introduces distortions to the desived signal. Superdivective beamformers have
also been proposed 48] to suppress lnterfering signals effectively.

A techndgue specifically developed to address the reverberation phe-
nomenon of enclosures iz the Matched Filter Array . This techudque uti-
lizes the acoustic impulse responses of the environmens to create construt-
tive interforence between divect and reflecied components of the speech sig-
nal [47 48}

Beamforming technigques may also be combined with adaptive post-
filtars [46] (e.g. based on Wiener theory) for further nolse reduction, However,
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Fig. 18.5, Portion of a vowel /a/ uttered at 4 w distance from a linesr array of

six microphones. The upper waveform iy the close-talker signal, the middie plot
represents the reverberated signal soquired by one of the microphones, and the
fower plot shows the corresponding delay-and-sum beamformed signal.

the use of post-fittering, ltke its above counterparts, can introduce artifacts
ko the reconstructed signal, particularly for the case of reverberant envi-
ronments (49, and may conssquently it recognition raprovements.

15.3.4 Distaot-Talker Speech Recognition

A sizeable body of work on distant-talker ASR have been produced in recent
vears [B0-58]. The use of either single microphones or multi-microphons sys-
tems has forused privoarily on experimental contexis {e.g. car snviromment)
for tasks generally characterized by s smallsize vocabulary and by a low
complexity language. Simpls multi-microphone products are available com-
mercially and have replaced traditional input devices in some ASR applica-
tiongs. Howaver, these devices are of Hmited practical utility and are typieally
only effective for tallers no more than one meter away from the array, at a
tixed and a guite narrow range of angles, and in a rather quiet envircmment.

This section provides a brief overview of the literature relating to various
ressarch topics related to distant-talker ASR. The intention is not to give a
thorough description of all the techmigues which have been investigated, but
rather to indicate the general ssues snd approaches. Section 1563 will explore
in detat] the systemn developed at IRET labs,

e
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Array Geometry This first toplc concerns the array characteristics as well
18 their influence on recognition performance. Clearly, the number of micro-
phonss represents an importagt factor. In an effort to Hmit hardware com-
plexity, most investigators utilize 16 or fewer microphones. Optimal array
design technigues have been addressed by other chapters of this book and,
with specific reference to ASR, in [537]. For practical ASR systems, the bulk
of array geometries investigated bave either been of the linear egui-spaced
or barmonic nesting varieties. The ladter is the most comnon in practice,
despite the fact that a real advantage in application to hands-free ASR is
not evident {58,591 In general, demonstrating 2 potential advantage inherent
in a specific geometry is difficult. The speech quality improvement dus to
the array configuration is counterbalanced by several approximations (e.g.
in the generation of avtificial signals, when simulation is used, and in the
acoustic feature extraction), and by effects related to the application of com-
pensation/adaptation techniques applied to these features or to the acoustic
modeling.

Beamiorming The Bterature reports on the use of various beamforming
techniques for distant-talker ASR. The delay-and-sum beamformer is the
most commonly used, despite s lomited speech enhancement capahilities,
The joint use of delay-and-sum beamforming and & talker localization mod-
ule is investigated in [60]. The use of adaptive beamforming techmiques (e.g.
GSC), generally under the assumptions of fixed talker and noise source posi-
tiong, is also common. Some examples ave shown in [61,51,50,62]. As expected,
in the presence of cohersnt noiss sources, adaptive beamformers vield more
robust recognition performance than delay-and-sum beamformers. However,
many asuthors report that the improvements arve lower than what would be
expected on the basts of the BNR or of the reconstructed signal’s percelved
quality., This observation sesms to be more common for dats sequired in real
snvironoents.

Hnd-Point Detection Thiz topic I3 very eritical, even in moderastely noisy
and reverberant envivornments, Most of the expertments repovted In the lit-
erature are based on the uge of & “push-to-talk” speech acquisition method.
In the past, s few works addressed the impact of EPD on distant-talker
recognition performance. In [50] adaptive energy thresholds were applied to
the output of the delay-and-sum beamformer to identify spesch boundacies.
T [38], a CBP-based coherence measure between two Input channels was used
to datect & generic acoustic event. Its effectiveness in spesch activity detection
will be confirmed in the next section. The application of & similar coherence
measure to speech/noise classification s also documented in [63],

Acoustic Features In ASR research and applications, there is the tendency
today to adopt a standard acoustic feature set (e Mel or LPC cepstral co-
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13 Specch Becognition with Micraphone Arrays 341

efficlents). This is also the case for distant-talker ASR research. Most of the
systems destribed in the lterature are based on the uge of MCC% or LPC
vepatral costicients together with their first /second order derivatives and cep-
stral mesn subtraction. However, some other scoustic features more robust
such as PLP or short-time modified coherence (8MC) [84,46], have
heen investigated. In the interest of acoustic feature robustness to reverbera-
tion effects, possible future spproaches may be inspired by technigues which

selsctively process the linsar prediction residusl [65] or incorporate speach
production modeling into the given multi-channel framework [66,67].

Recognition Engine The wajority of recognizers investigated in the it
erature are bhased on the use of traditional HMM-based solutions. Traio-
g HMM's on artificially contaminated spesch may lead to robust solutions
when a large noisy database is not available, as shown in [68] and in [601
In some cases, MAP, MLLR or ANN-hased adaptation technigues have been
adopted [70,71,54,53] to further reduce the mismatch betwesn training and
test conditions which remaing after the microphone array based processing.
In [56], MLLR is also compared favorably to Parallel Model Combination.
Broadly speaking, these approaches allow the system o learn more about
the speaker characteristics, the environruental noise, and the “artifacts” (e.g.
low-pass effects typlcal of delay-and-sum besmdorming) introduced by the
muli-channel processing. Overall, the use of adaptation technigues has had
a significant posttive impact on hands-free ASR system performance.

Axn alternative approach that deserves to be mentioned is proposed in [#1].
Here o new dimeusion is added $o the search space used by the Viterbi al-
gorithm to account for the different directions from which the talker may
be speaking. In this way, changes in source position should be mplicitly de-
tected on the bagis of 4 maximumm Hkelihood ceiteria. The resulting sysiem is
more fexible, but possesses » considerable complexity incrsase and roquires
# consigtent HMM training to be performed initially.

Another alternative approach i reported in [72], where an ANN is used
to perforro & transformation/normalization of the acoustie fsatures exiracied
from the delay-and-sum beamformed signal. During training, the ANN lparns
information related to the talker position. The influence of the talker location

=~
*

i addressed in [71], where the sffectiveness of a location independert ANN
iz dernonstrated.

Speech Corpora and Tasks A variety of recognition tagks have been in-
vestigated in the lierature, The most common 18 connected-digits, However,
the choles of the experimental task I8 probably not as relevant as the way this
task is created. In order to derive speech material for training and sspecially
for test experbments, three main approaches have been adopted:

= Spesch daia iz collected from a smopling of real talkers using mulsi-
channel recording bardware: This method requires much more effort than
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it alternatives, but it represents the most celiable means for investigation
i this field and for comparing results to theory.

& Speech data {e.g. exiracied from a given clean database) is played back
through a loudspeaker. Agaln, multi-channe] hardware is used o record
the sigoals. With this method there is the advantage of repeatability
of the same utierances under different conditions, array geometries, ete,
However, the expertinents may be influencerd by artifacts inherent in the
wmmhng process, such ag the dependency on loudspeaker response, the

different radiation modeling, and other variabilities in the enviropmental
conditions. It is worth mentioning the work dope in Bell Laboratory’s

‘arfeboie Chawber {T3), by which any reverberant condition can be in-
vestigated without the risk of changing other environmental characteris-
biog acposs recording sessiong.

e Speech daia is reproduced by stimulation, typically hased on a simplified
additive feonvolutive channel modeling. In this cage, the reverberation
effects on the various input channels sre generally recreated by convalving
the close-talker signal with real impulse responses measured using 8 thwe-
stretehed pulse [T4.75] or with artificial impulse responses derived by
applying the Image Method [76]. A simulation-based experiment has o
clear Hmitation due to the fact that many phenomena ocourring in & resl
environment may be neglected. Moreover, the use of simulation hoth in
trainding and in test may provide misleading resulta due 4o biases in the
artificial data generation.

15.3 A Microphone Array-Based ASR Bystem

Thisg section describes the distant-talking recognition systam 12 developed
and experimented with at IRST labs [70,60,59,77,68,78,79. Fsgum 15.8 shows
a block diagram of the system, congisting ofr o microphone array aned the re-
lated TDC processing, an acoustic front-end for speech activity detection and
acoustic feature extraction, a recognition engine module (Viterhi decoding]
and related modules for HMM adaptstion. Bach module of the svetem 28
well as the experimental framewnrk will be described below together with
the wost relovant recognition resulés so far obtainad.

15.3.1 System Description

Speech Acquisition Distant-talker speech signals were acquired by a Hoear
array of six equi-spaced {at 15 cm) omnidivectional microphones. Bach chan-
nel was synchronousty sarnpled ab a 16 kHz rate with 18-bit accuracy. Delays
estimated between the channels (through CUSP-based time delay estimation)
were used to align the signals in a delay and sum besmformer.
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Fig. 15.8. Block disgram of the distant-salking ASH system developed st IRST.
1t includes signal acquisition, Time Delay Compensation processing, the acoustin
front-end, o recagnition engine, and the modules for training and sdaptation of the
seomstic models. Close-talker and single far-fleld microphones are nsed for reference
purposes fn addition to the maicrophons srray.

Speech-Activity Detection The use of a microphone array adds a spa-
sinl dimension to the domain of the thue/frequency analysis of conventional
single input systems. Besides source localization and selective acquisition by
heamforming, an additional bencfit of multi-microphone systems is the ca-
pahility of discerning between coherent directive sources (e.g. a talker fating
the mictophones} and spatially diffuse, low coherence disturbances. The dis-
criminating feature is a coherence measure between the signals of different
microphones, such as the phase correlation [47,38). Cobherence measure Lo
putation is here extended to several microphone pairs to provide a more
robust speech activity function. This funetion i offective for low SNR and
reverberant signals, where an encrgy-based approach would not be.

Figure 15.7 lustrates an example of this procedure. The upper plot de-
picts the noisy specch signal acquired by a single microphone in the array.
The middle plot represents the corresponding phase correlation between two
charmels of the array as a function of time (horizontal axis) and mutual delay
in samples between the channels (vertical axis). A darker gray level denotes
higher coherence. The lower plot shows the coherence measure ot the frue
delay versus time.

In practice, the EFD technique proposed here is based on & preliminary
selection of an inter-channel delay for each microphone pair. Giiven the inter-
channel delays associated with the various microphone pairs, the appropriate
coherence functions are surnmed to derive a speech activity function, Adap-
tive thresholds are then applied in order to determine speech boundaries.
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Fig. 15.7. Example of coherence computation for the signals of a microphone pair.
1 includes one of the polsy spesch waveforms acquired by the microphones, & grey
level coberence mensure representation at varlous inter-chaonel delays, and the
eoherence levels ab the correct delay {0 samples).

3

Acoustic Featurs Bxitraction In the experimental set-up described herg,
the input to the feature extractor {ses Figure 15.6} is elther the output of the
TDC processing derived from the microphone array data, the signal acquired
by a single microphone within the azray, or that acquired by the cloge-talker
wwicrophone,

In any cage, the input signal s pre-emphasized and blocked into 20 ms,
half-overlapping frames. For each frame, 8 MCC's and the log-energy are
extracted. CME iz then applied to each feature sequence. The resulting nor-
malized MUC's and log-energy, together with their first and second order time
derivatives, sre arranged into a single observation vector of 27 components.
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15 Speech Recoguition with Microphone Arrays 345

HMM Recognizer Acoustic modeling is based on a set of 34 phone units,
Fach unit is modeled with a three state left-to-right continuous-density
HMM, with output probability distributions represented by the means of
mixtures having 16 Gaussian components with diagonal covariance mabrices.
Phane HMM’s are trained either using a clean speech database or & noisy
version, abtained by simulation as deseribed below, Omee the HMM's have
been trained, the resulting models are adapted to the real environment by
applying a MLLR adaptation technique [31-33L

15.8.2 Speech Corpora and Task

Various speech corpora have either been collected or produced in order fo
perform the experiments to be discussed.

Clean Speech Corpus The initial step of HMM training is accornplished
through the standard Bawrm-Welch procedure. For this purpose phonetically
rich sentences representing a portion of APASCI [80] were used. This corpus
was acquired in a quiet room (SNR > 40 4B} using a high quality close-talker
microphone. The training set comaisted of 2100 utterances collected from o
total of 100 speakers (50 males and 50 fernales).

Multi-Channel Beal Noisy Corpus The multi-channsl noisy corpus con-
sists of speech material collected in an office of size (5.5 m » 3.6t x 3.5 m)
characterized by a moderate amount of reverberation {Tho =~ (L3 8) as well as
by the presence of coherent noise due to secondary sources {e.g. computers,
air conditioning, ete). Multi-channel recording of each utterance was accom-
plished by using both a close-talker (CT) directional microphone snd the
linear array described above.

Speech material was collected from 8 speakers {4 males and 4 ferales)
during a series of recording sessions with variable environr ental noise condi-
tions. Each speaker uttered 50 connected dight strings (400 digit QCEUTTENCES),
both at frontal position F150 (1.5 m distance from the array) and at lateral
pasition L2530 (2.5 m digtance, left of the array ). Four of the individuals also
ubtered the same string set ab position 1150 (1.5 m distance, 60° right of the
array ).

Utterances were recorded with backpround noise segments of varying
length at the beginning and end of each digit sequence. SNR, expr
she ratio of the average speech to noise energy measured ab the array mi-
erophones, was 12.6 dB mean with 3 dB standard deviation for the frontsl
recordings, and 10.7 dB mean and 2.8 dB standard deviation for the lat-
eral recordings. As veference, SN estimated on the CT microphone signals
d o 2% 4B mean and 3.8 dB standard deviation.
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Computer

3.6m

L250

Computer
: Compuier

35 m
Fig. 15.8, Map of the experimental room showing the postbions of the talker, the
microphone array, and the computers {(nolse sources), The label vt sach position
indicates, n a compact form, the griensation (¥ for frontal, L for lateral) and the
distance in cm from the arvay.

Contaminated Speech Corpora A set of training databases congisting of
acoustically realistic signals was artificially recreated using the APASCI clean
corpus along with knowledge (e.g. room lmpulse responses and background
noise signals) of the real operating environment. For this purpose, a simplified
additive/convolutive model was adopted as follows:

a,yi,{\f} = Fip U' &5, 3(17‘ 4 k- nlt) {xl‘r}i}

where h.{1) iz an bopulse response of the room, & I8 a scaling factor, nif)
i background nolse acquired in the room, sy ig the clean speech, 8, is the
contaminased speech, and % denotes convolution. The effect of background
notse 15 accounted for by scaling the noise recorded inside the room using
an appropriate amplitude to reproduce different SNIs {ranging from 0 $o
21 4B} and then adding the result to reverberant speech. The reverberation
effects of & roon can be stmulated in several ways. In this case, it was acldevad
by convolving the closs-talker signal with impulse responges measured using
a time-stretched pulse.

15.5.%  Experbnents and Resulls

Experimental results involving connected-diglt recognition are reported be-
low, These are expressed in terms of Word Recognition Rate (WRE), come-
puted as the average performance oblained by testing vn material oblained
from all the speakers and positions. As o result, sach test experiment consists
of the recognition of 8000 digits.
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15 Speech Recogpition with Microphone Arrays 347

Table 15.1. Word recognition rates obtained on o comnected-dight recogaition task
using different phone models, lnput devices, and end-point detection methods.

Models | lmput FarMic  Arrospeep  Attipppp

Clean 337 4871 61.3
Rob L5 95.2 G6.3
AdaBob 95.8 98,3 98.6

Experiments were conducted using sither the microphone arcay (Ary) or
a single microphone of the array (FarMic), For comparison purposes, results
obtained testing on material scquived with the elose-talker microphone {and
using clean models) was approximately 89%. This relerence result represents
a sort of upper bound of any experbment conducted.

As shown in Table 151, tradning with filtered clean speech (Hob) lmproves
recogrition performance tangibly, even in the case of o single fw microphone
taput. This result is consistent with other work {68,78,79]. The results confirm
that the use of the microphone array, in combination with the TDCO mod-
ule snsures superior recognition performance relative to a single microphone.
However, the advantage of using the srray Is move relevant in the case of ro-
bust models. In this case, more than 40% relative improvement was obtained
(from 91.5% 1o 95.2%).

A seconud lgsue Investipated wag the impact of the speech activity detec-
tion method on the recognition performance. In addition to diffioglties due
to the distance bebween the talker and microphones, the system Is prone to
insertions in this experimental framework., This is due to the adoption of
a digit-loop grammear with no information about string length. As a conse-
quence, pauses inside a digit sequence and long nolse segiments, preceding and
following the speerh utterance, can cauge many errors becanse of mismatched
acoustic modeling. The right hand column in Table 181 {Arryp ppn) shows
the results obtained using an “ideal” end point detector. These were acquived
uging wtterance boundaries identified mamislly snd leads to a relative per-
formance mprovement of about 20% compared 4o resulis obtained using the
coherence-based EPD method described eartier {Arvesp gpn). Resolving this
performance disparity is a goal for the future development of a more accurste
EPD algorithm.

The results show the further Lmprovement provided by adopting on-line
incremental HMM adaptation (AdaRob). On-line adaptation is more suitable
for real-time applications where environmental conditions, talker position,
ete. may vary substantially with time. The Table shows that in the best case,
that is starting from robust models snd exploiting manually segmented speech
boundaries, 98.6% WRR was obtained, not far from the close-talker reference
performancs, In previous work 168,79] it was shown that, when starting fromm
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clean models, hoth bateh and on-line adaptation technigues do not gchieve
this performance level. Finally, note that the adaptaiion produces a score of
95.68% WRE, in the case of a single far-microphone,

154 Discassion and Future Trends

Hands-free interaction represents the most natural form of human conunu-
nication. Regearch on hands-free speech recognition i3 drawing scientists {o-
pether to form an ioportant discipline with numerous potential applications.
in particular, various multi-modal/multi-media interaction scenarios have be
conceived thanks to the enhancesd Bmctionality added to traditional ABR
syshems.

Because of growing research and prototype development, the feld of
distant-talker speech recoguition using microphons arrays has developed dra-
matically. As sesn in thig chapter, the mroduction of a microphome axray
into an ARR system has the potentiad to improve performance significantly.
However, this is at the cost of hardware and software complexity. Additional
improvementy are possible through the use of adaptation/compausation tech-
niques and specific methods for acoustic model fraining. Through these ap-
proaches, performance increases can he achieved even using a single micro-
phone. Hence, i seems reasonable that future research will focus on the use
of arrays consisting of few microphones and the joint application of effective
techrigues for an on-line reduction of the mismatch betwsen the operating
conditions and those under which the system was trained.

Given the current state of the ars, future research is nesded in all the divec-
tions highlighted in the previous sections, from microphone mray processing,
to speech activity detection, to robust acoustic features, to adaptation of the
recognizer to the real environmental ponditions. Purthermore, new approaches
will have to be envisaged to desl with the various envirommental uncertaintios
which rharacterize distant-talker speech recognition applications.

Distributed multi-microphone systems [8Y], with instantaneous seleci
of the most veliable microphone input, may represent a promising approach.
Along these lines, a specific sub-band recognizer or full-band recognizer may
be assoclated with each of the piven microphones. This would be with the
purpose of realizing a competitive parallel recognition framewark, where
recognized word string is selected among different hypotheses.

Another approach that deserves lubure study is that of incorporating

speech production modeling into the multi-channel system and applying non-
linear analysis techniques as those proposed in [66,87] and detailed in Chap-
ter 7. In this way, the system may be made loss sensitive to the influence
of variabilities related o reverberation effects, Imperfect talker location, or
a talker’s head movements and may better focus attention on the speech
propsgating in the environment. |
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s 3 &

Finally, experimental tasks and activities are important aspects to high-
light. Because of relevant differences in the experimental frameworks and the
type of speech material (and languages) which are adopted, results ohiained
by the various research teams arve often not comparable to one another. More-
over, results are often provided only on the bagis of stoulation experiments,
while real world experiments are always needed to confirm a given theory. In
the past, the most relevant and widely known activities for the development
of basic speech recoguitinn technology were carried out under the ARPA-
U8R program. This produced the development of cormon speech material
and standard evaluation criteria, Henee, the ereation of a commen framework
for all the research centers operating in this field, may allow for significant
advances in this exciting discipline. ’
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contrast funciions, 364

correlation matrix, 114, 160, 214

correlation-based criteria, 368

cross-correlation, 40, 166

cross-correlation matrix, 114

eross-power spectru, 18%, 309

crogs-power spectromn phase, 190, 338

rurnnlant-based separsiion criteria, 366

eylindrically isotropic nolse field, 30, 73

data sssociation problem, 232

deceniralized Kalman Bléer, 212

deccrrelation system, 371

delay-and-sum beamformer, 26, 159,
169, 934, 290, 338

density maodeling oriteria, 362

dezktop microphone syray, 392

differential microphous, 67

diffuse noise field, 23, 309, 338

diffuse sound field, 48, 257

dipale wicrophone, 69

direction of arrival, 162, 182, 243, 290,
302

directional gain, 384

directivity index, 23, 44, 293

distributed multi-microphons, 348

disturbed harmonics model, 188

double-talk, 65

dual excliation speech maodel, 137

dynamic time warping, 334
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396 Tuidex

EASI algorithm, 371

scho path gadn, 203

echo return logs enhancement, 274, 283
acho shaping, 27

end-polnt detaction, 333, 340
endfive arvay, 234, 278
entropy, 364

BSPRIT, 182

extended Kaloan flter, 210
Eyring's formula, 118

face tracking, 204, 218

furfield, 25

farfield assumption, 3, 260

fast Newton algorithon, 286

feature extraction, 333, 340, 344

flter-and-sum beamformer, 5, 158, 171,
204, 200

fiterbank, 45, 114, 184, 317

fixed beamformer, 234, 310

focused besnformer, 159

frequency-domsin heamforming, 5

fromt-to-back ratio, 24, 30

generslized cross-correlation, 163, 183,
181

ganeralized sidelobe canceler, 35, 40,
&R, 113, 127, 238, 201, 310, 338

generalized gingular value decomposi-
tion, 115

gradient microphones, 35

hands-free speech acquisition, 181, 254,
an7

barmonic nesting, 5, 340

hearing aid, 383

hearing impairment, 320

hidden Markov model, 334

high-resolution spectral estimation, 158

hypercardicdd microphone, 36, 243, 259,
27

image method, 53, 118, 182, 342

in sitn calibrated microphone arrsy, 312

injected nolse, 311

instantaneous hlind signal separation,
360

intelligibility-weighted directivity, 232

inbelligibility-weighted gain, 232

-396-

interacting multiple model, 222
interforence sappression, 240
jverse Walman Blber, 213

Jacoblan marriy, 211
joint diagonalization, 115, 367

Kalman Blver, 208
Kullback-Leibler divergence measure,
62

languepe model, 332, 335

leaky adeptive filters, 92

leaky LMS, 312

Bneay inbersection method, 185

linear prediction, 141, 185, 334, 371

LAMS algorithm, 286

location-estimation anll-steering
algorithm, 243

Lowmbard effect, 332

Inudspeaker-enclosure~microphone
system, 283

magattade squared coherence function,
257

matched filter, 134, 308, 314, 838

matrix inversion lemma, 43

maxin lkelihood lneay regression,
337

MDL, 188

mean sguare error, 114, 200G

melscaled cepstral coefficients, 334

MEMS, 386

microphons channel response, 183

microphone divectivity, 232, 2587, 261,
387

microphone orientation, 257

microphone placement, 157, 261, 308

MIN-NORM, 182

minitarn mubosd information, 363

mintmam varisnce speciral estimation,
160

MMSE beamformesr, 313, 314

MMEE filker, 263

multi-channel blind deconvelution, 361

multi-resolution time-frequency

adaptive beamformer, 318

SIC, 160, 182, 186

MVDOR bexmformer, 25, 38
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narrowband assamption, 3
natural gradient adaptation, 368
negrfield, 25, 280, 385
nedmeizi mzperdire{:tiv& arvay, 44
nested array, 200
NLIMS algorithm, 266,
noige canceler, 34, 89
npise cancellation, 81, 2566, 308
noise subspace, 182, 308
nonholonomic constraints, 370
nonbinesr optimization, 367
unormalized nterforence suppression,
normalized kurtosis, 365
normalized nolse suppre

968, 284, 313

S0H, Sil

aranidirectional microphone, 332, 257,

531
arder permutation, 372

parallel model combination, 537
phage transform, 162, 1687

pb,fme, 335

phonsme recognition, 230

PLF coeffcients, 334

post-filter, 38, 255, 338

OWRE apwtra% density matrix, 21

paeudo-tnversion, 368

{JR~decompaosition, 122

TECUTSIVE stabe estimation, 25
reverheration distance, 258
reverberation time, 118, 164, 173, 283
RLS algorithm, 285, 313
rodmst estimation, 198
robustuesg, 88, 131, 3348, 377
OO zmpuﬁw response, 162, 387
ROOVI-MUSIC, 189

Rabine's eouation, 258

staled projection algorithm, 29, 242
scoring problem, 338

seginental SNR, 268

HBOGOY 4 tlll}faﬁmn, 309

senzor fusion, 203

sensor wismateh, 235

shors-time Fourier transform, 317
short-time modified coberence, 341

-397-

Index 3467

signad bips vemoval, 337

signal cancellation, 90, 338

signal subspace, 182

sipgnal-to-interference vatio, 374

signal-to-noise plus interforence power
ratio, 318

single-chianuel s
136, 355

singular value decomposition, 189, 183

soures activity detection, 267, 284

spatial alissing, 4, 26

spatial chustering, 183

spatial correfation fanciion, 61

spatial dithering, 312

speakerphone, 383

speckral subtraction, 44, 242, 308

speech corpora, 333, 341

gpesch ntelligibility, 23C

speevh quality essures, 51

speech reception threshold, 225

speech recognition, 281, 292, 307, 331,
385

speach-to-interference ratio, 230

spherically isobropic noise field, 26, 65

state erpor information vector, 214

stetistical pattern recognition, 333

steered response power, 158

steering vector, 169, 184

stochastic matching, 337

stochastic region contraction, 159

subband decomposition, 314

subspace tracking, 368

super-resolution, 310

superdirective arrgy with Wiener
post-filter, 44

superdivectiviby, 18, 234, 280, 338

supergain, 19

sech enhancement,

televonferencing, 281, 300, 385, 383
time deluy estimation, 40, 181, 267, 338
time-difforence of arrival, 188, 168, 183,
204
time-domain beasmforming, §
time-invariant beamforming, 200
shme-varying beasmdorming, 281
Toeplitz matrix, 117, 181
training dats contmmination, 337
frafning problesm, 335
transform-domalin structure, 387
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508 Index

uncorrelated noise field, 24
universal noise suhspace, 188
universal signal subspace, 186
unvoiced speech, 137, 140
varachole chamber, 342
Viterbi algorithon, 338

P L

voiced speech, 137, 140

Jercedes-Dhuck, Berbio
tein+ Lebimang, Berlin

universal spatial covariance matrix, 188

videnconferencing, 183, 181, 208

voice ackivity detector, 312, 343, 347

wavelet transform, 141

white noise gain, 24, 47

whitening Bler, 180, 266

widebund weighted subspace fitting,
186

Wiemer fileer, 89, 41, 82, 114, 263, 291,
308, 388

Wiener solution, 35

Wiener-Hopf equation, 42, 284

word recognition rabe, 848

WEF, 182

-398-
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