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Pref.ace 

The study a.nd implementation of microphone arrays originated over 20 years 
ago. Thanks to the research and experimental developments pursued to the 
present day, the field has matured to the point that arraywbased teehnolog)' 
now has immediate applicability to a number of current systems and a vast 
poLentlal for the improvement of existing products and the creation of future 
devkes. 

In putting this book together) our gnal was to provide1 for the first time, 
a single complete reference on microphone a:cray:s, Wt~ invited the top re--­
S(!arehers in the field to co:rrtrlbute a1-ticlas ,tddressing their specific topie(s) 
of :si;udy. The reception we :received from our colleagues was quite enthusi­
&"'tic and very em::ouraging. There was the general consensus that a work 
of this kind was well overdm3. The results provided in this collection cover 
the cm-rent state of tho a.rt in mi<,-rophone array research, developme.nt1 and 
tedmol.ogical application. 

This text is organized into four sections which roughly follow the major 
areas of microphone array research today. Parts l and II are primarily the­
oretical in nature and emphasize the use of microphone arrays for speech 
enhancement and source loca.Jizat;ion, respectivt>..ly. Pa.rt III presents a num~ 
ber of specific applications of a:rrn.y-ba..<ied technology, Pa;rt IV addresses some 
open questJons and explores the future of the fiold. 

Part I concerns the problem of enhancing the speech signal acquired by 
an array of microphones. For a va,riety of applications, including lu.ima.n­
computer interaction and hands-free telephony, the goal is to all(Jw use.rs to 
roam unfettered iu diverse m1.vironments while still providing a high quality 
speech signal and robustn(IBS against, background noise, interfering sourcteS, 
and r<werberation (Jffects. The use of microphone arrays gives one the oppor­
tunity to axploit the fad that the source of the desired spooch signal a:nd the 
noise sources are physically separated in space, Conventional array process­
ing techniques, typically developed for applications such as radar and sonar, 
were initially applied to the hands~free speech acquisition problem. However, 
the enviromnent in which microphone arrays is used is significantly different 
from that of conv@tional array applications. Firstly, the dooh:ed speech signal 
has an extremely wkfo bandwidth rolat:i:ve to its center frequency, moaning 
that conventional narrowband techniques are not suitable, Secondly, there 
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VI Preface 

is significant multipath intexfenmce caused by room reverberation. Finally, 
the speech source and noise signals may focat<-..>d ck,se to the array, meaning 
t.hat. t.l1e conventional faJ>fidd assumption is typically not valid. These dif­
ferences (amongst others) have meant t.hat new array technkp1cs have had 
to be formulated for mk.rophone array applications. Chapter 1 ,k-'Scrib(,-'S t,he 
design of an array whose spatial response does not change appreciably over 
a wide band-..vidth. Such a design ensures that the spatial filtering performed 
by the a.nay is uniform across t.he entfre bandwidth of the speed1 signal. Tlw 
main problem with many array designs is that a very large physical array is 
required to obtain reasonable spatial resolut.ion, especially at low frequencies, 
This problem is addressed in Chapter 2, which reviews so-caned superdirec" 
tive arrays. These arrays are designed to achieve spatial directivity that is 
significantly higher than a standard delay--and•-sum beamfonner. Chapter 3 
describes the use of a. singk--channcl noise suppression filter on the output 
of a microphone array. The design of such a post-filter typically te1-1uires in­
formation about th<~ com>la.tion of tht! noise betv.'(.,>en diffel'ent microphones. 
The spatial correlat.i.on fo.nctions for various directional microphones are in­
V{,->Stiga.ted in Chapter 4, which also describes the use of these functions in 
adaptive noise ca.ncdl,.ition applications. Chapter 5 reviews adaptive tocJ1,­
niquE>,s for- microphone a:rra.ys, focusing on algorithms that are robust and 
perform well in real enviromnt>.:nts. Chapter 6 presents optimal spatial filtm:­
ing algorithms based on the generalized siuguJar-value decomposition. These 
tedutlques require a large number of computations, so the chapter p;reserrts 
techniques to l'e<luce the computational complexity and thereby permit, rea.J­
time implementation. Chapter 7 advocates a new approach that, combines 
explicit modl1ling of th<1 speech signal (a technique which is well-known in 
:single-channel speech enhancement, applications) with th~ spatial filtering a!­
fordrul by multi-channel array processing. 

Piwt II is devnted to the source localization problem. The abilit,y to loca.tn 
and track one or more &'JHle<'.h sources is an essential requirnment nf micl'o­
phone array systems. For speoch enhancement applicatfons, an accurate fix 
on the primary talke.r, as well. as knowledge o:f any interfering talkers or cohm·­
cnt noise sources, is necessary to effectively steer the array1 ~mluuidng a give,:n 
source while simultaneously attenuating those deemed undesirable. Location 
data, may be used as a g,1.lide for discriminating individual speakers in a multi.­
source scenario. With this information available, it would then be possible to 
automatically focus upon and follow a given source on an extended basis. Of 
particular interest lately, is the application of the speaker location estimates 
for aiming a camera or series of cameras in a video-conferencing system. In 
this regard, the automated localization informa.tion elim:i.natt~ thn need for a 
human or :m.m1ber of humau camera operators, Several existing commercial 
products apply microphc.me--array technology in small-room environments to 
steer a robotic camera. and frame active talkexs. Chapter. 8 summa,rizes the 
various approache,s which have been ~..xplored to t\ccura.t(ily locat,J an individ-
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Preface VII 

mil in a practical acoustic environment. The emphasis is on precision in the 
fa<;e of a.dveroo conditions, with an appropriate method presented in det,ail. 
Chapter 9 extends the problem to the case of multiple active sources. \Vhile 
again considering realistic environments, the issue is co:m.plicated by the pres­
ence of several talkers, Chapter 10 further generalizes the source localization 
scenario to include knowledge derived from non-a.coustic sensor modalities. 
In this case both audio and video signals a.re effectively combined. to tra,ck 
the motion of a taikHr. 

Pa1i III of this text; details some specific applications of microphone array 
technology available today. Microphone a.nays have been deployed for a vari­
ety of practical applications thus far and their utility and presence in our daily 
lives is m<:rea.<iing rapidly. At one extreme are larg(-i aperture arrays with tens 
to hundreds of elements desigll.e<l for large rooms, distant talkers, and adverse 
acoustic conditions. Examples include the tiwo-ditnenskm.al, harmonic array 
instalfod in the main audi.t.oriurn of Bell Laboratories, Murray Hill and the 
512-ehment Huge Microphone k\rray (HMA) developed at Brown University. 
\~lhile these systems provide tremendoUB nmctionality in the environments 
fi,r whkh they are intended1 small a:n:ays consisting of just a handful {mm­
ally 2 to 8) of microphones and encompassing only a few centimeters of space 
have become far more common and affordable. These systems are intended 
for sound capture in dose-talking, low to moderate noise co:n.ditfons (such 
as an individual. dictating at a workstation or using a hands-free teleph(me 
in an automobile) and have exhibited a degt·oo of effectiveness, espeda.Hy 
when compared to their single microphone counterparts. Tb.€ technology has 
developed to the point; that microphorm arrays am now available in ofl'-the­
shelf consumer electronic devices awtllable for under $150. Bt-ca.use of their 
growing popularity and feasibility we have· chosen to focus prhnarily on the 
issues a..ssociated with srnall-?.perture devices. Chapter 11 addresses the in­
corporation of multiple microphones into hearing aid devices. The ability of 
beamformmg methods to reduce baekground noise and interference ha.c; be,m 
shown to dramatically itnprove the speech understanding of the hearing im­
paired and to incrmwe thcir overai.11:la,tisfuction with tho deviCB. Cha.pt.er 12 
focuses nn the case of a simple two-clement array combined with postfiltering 
to achieve noise and echo roductfon. The perfonnru:1ce of this configuration 
is analyzed under realistic: acoustic conditions and its utility is dernonstrated 
for desktop conferencing and inter<:om applications. Chapter 13 is concerned 
with the proble:rn. of acoust,ic feedbadl: inherent in full-duplex communica,.. 
tions involving loudspeakors and microi►hottoo. Existing single-i:-.hrumel echo 
cancellation methods are integrated within a beamfonning context to achieve 
enhanced echo suppression. These results are applied to single-- and 1nulti~ 
channel confereneing scenarios. Chapter 14 explores the use of microphone 
arrays for sound capture in auto:m.obiles. The issues of noise1 interference, and 
t..¾.tlm ca.nceJlatJ.on sp(,.'l::iikally within t.lw cax t-•nvi.mmnent a.re addressed and a 
particularly effective approach is detailed, Chapter 15 discusses the applka-
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VIII Prefa.ee 

Hon of microphone arrays to improve the performance of speoch recognition 
systems in adverse conditions. Strategies for effe<,'tively couplfo.g the acous­
tic signal enhancernents afforded through beamforming ,vith existing speech 
recognition fochniqu.es are presented. A specific adaptation of a recognizer to 
function with an array is presented. Finally, Cha.pter 16 presents a.n overview 
of th(, problem of S(~pru:ating blind mixtures nf acoustic signals recorded at a 
microphone array. This represents a very nmv application for microphone ar­
rays, and is a technique that is fundm:nentally difl:err-.nt to the spatial. filtering 
approat:'.hHs detailed in earlier chapters. 

In the final section of t.he hook, Part IV µresE>..nts expert· summaries of 
current open problems in the field.i as well as personal views of what the future 
of microphone array processing might hold. These summarit1B1 presented in 
Chapters 17 and 18, describe bot,h aca.demically-oriented rese.a.rch problems, 
as well as industl'}'~focused areas where microphone a.rrny researd1 may be 
headed. 

The individual chapters that we selected for the book ~--ere designed. to 
be tutorial in nature \vith a sped.fie emphasis on recent important results. 
We hope the result is a text that will be of utility to a large audience, front 
the student or practicing engineer just a:pproa.ching the fidd to the advanced 
researcher with n:mlt.i-cllauncl signal proc(issing c.xperienc:e. 

Carn.bridge MA, USA 
London, UK 
J anua.ry 2001 

Michael Brandstein 
Darron Ward 
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1 Constant Directivity Beamforming 

Darren B. Ward1 , Rodney A. Kenne<ly2 , am1 Robert C. Willia.mson2 

1 Imperial College of Science, Technology and Medicine, London, UK 
2 The Australian NationalUniveraity, Canberra, Australia 

Abstract, Beamforming, or spatial filte:riug, is one of the sim.phJSt methods for dis­
crlmina.tin.g between different signals based on the J>hysical location of the so1m:es • 
.Because speech is a very widd>and signal, cow.ring some fom' octaves, traditiorml 
narrowband beam.forming te.:.hniques are imi;ppropriate for hands-free Spt~e£'.h ac­
quisition. One class of broadband beamforrrtcel'.s, called constant dir1x:tivity bea:m­
formers, aim to produco a constant spatial re.spouse ov<!'.r a broad frequency range. 
ln this chapter wt: .review such bearnfon:ners, and discuss implementation issues 
.relatt..>d to their use in. mic:rop.hone arrays, 

Ll Introduction 

Beamforming is one of the simplest and most robust means of s1>0,tial filtering, 
Le., discriminating between signals based on the physical locations of the 
signal sources fll l:n a, typical microphone array environment, the d(',sired 
speech signal originates from a talker's mouth, and is corrupted by interfurin.g 
signals such as other talkers and room reverbe:raUon. Spatial filtering can. be 
useftt1 in such fill environm<'nP, since the interfering sources generally originate 
from points in space separate from the desired talker's mouth. By exploiting 
the spatial dimension of the problem, microphone arrays attempt to obtain a 
high-quality speech signal without requiring the talker to speak directly into 
a close-talking microphone. 

In most beam:forming applications two assttr.nptions simplify the analysis: 
{i) the signals incident o:n the array are narrowband (the narron,band as­
sumption); and (ii) the signal sources are locat.ed far enough aw,iy from the 
array that thll wavefronts impinging on the array can be modek"d as plane 
waves (the farfielfl assumption). For many microphone army applications, the 
fadield assumption is valid. However, the narrowband assumption is never 
valid, and it is this aspect of the beamforming pi:oblem. that we focus on in 
this chapter (see [2] for techniques that also lift the nearfidd assumption), 

To understand the inhen,nt problem in using a narrowband army for 
broadband signals1, consider a linear array with a fixed number of elements 
separated by a fixed iuler-elem(mt distance. Thf~ important dimension in mea­
suring array performance is its siz(i :in terms of operating wavelength. Thus 
for high frequency signals (having a small w~;velength) a fbwd array wm ap­
pear large and the main beam will be narrow. However, for low freqmmdes 
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4 Ward et al. 

FREQUENCY (Hz) 
ANGLE (degmes} 

Fig. 1.1. Response of a narrowband array operated over a wide ba.nd.:width. 

(la!'ge wavelength) the same physical anay appears: small and the main beam 
wm widen. 

This is illustrated in Fig. 1.1 which shows the beampattern of an array 
d~~igned for l.5 kHz, but operated over a frequency range of 300 Hz to 
3 kHz. If an interfering signaJ is present at, say, 60°, then ideally it should bl~ 
attenuated completely by the anay. However, because the beam is wider at 
low frequencies than at high frequencies, the interferiug signal will be low-pass 
filtered rather than uniformly attenuated over its entire baud. This "spectral 
tiW' results in a disturbing speech output if used f<:ir speech acquisition, 
and thus, such a narrowband array is unacceptable for speech app1i.cations. 
Another drawback. of this narrowband design is that spatial aliasing is evident, 
at high frequencies. 1 

To overcome ihis problem, one must use .a beamformer that is designed 
specifically for broadband applirations. In this chapter we focus on a sp0-
dflc dass of broadband beamformers, called constant dire-etfoity beamforrn.ers 
(CDB): designed such that t.he spatial response is the same ovm: a wide fre­
quency hand. The response of a typical CDB is shown in Fig. L6 on page 15. 

There ha:ve been several techniques proposed to design a CDR Most tech~ 
niques are based on the idea. that a.t different freqmmdes, a, different, array 
should be used that has tot.al size and inter-sensor spacing appropriate for 
that particular frequency. An example oft.his idea is the use of harmonica.lly-
1 Spatial aliasing comes about if ,, sensor spacing wider than half a wavelength is 

mwA'L It is analogous to temporal aliasing in discrete-time signal processing, 
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1 Gon.s;;tant Diredivity Beam.forming 5 

wasted subarraysj e.g., [3-5). In this case, the array is composed of a set of 
nested equally-spaced arrays\ with each suba:rray being desigwx1 as a nar­
rowband array. The outputs of the various subarra.ys are then combined by 
appropriate bam:l.pass filtering. The idea of harmonic nesting is to reduce the 
beampattem variation to that which occurs within a single octave. This ap­
proach can be improved by using a set of subarray filters to interpolate to 
frequencies between tho subaxray design frequencies [6J. 

A novel approach to CDB design was proposed by Smith in [7J. Noting 
that, fur a. given array, the beamwidth narrows at high frequencies, Smith's 
idea was to form several beams and to steer each individual beam in such 
a way tha,t the width of the overall multi-beam was kept constant. Thus, 
as the individual beams narrow at higher frequenci~-s 1 they are progressively 
"fa.nned1' outwards in an attempt to keep the overall beAU1:rwidth constant. 
Unless a very large number of beams are formed, at high frequencies this 
fanning will result it1 notches in the .main beam where the progressively nar­
rower bean'IB no longer overlap, This approach was applied to the design of 
microphone arrays in [8]-

The first approach to CDB design that att.em.pted to keep a constant 
heampatter-n over the entire spatial region (not just; for t.he main beam) 
was presented by Doles and Benedict [9], Using the asymptotic theory of 
unequ.a1ly-spa.ced arrays [10,ll}i they derived relationships between beam­
pattern cllaracteristlcs and functional requirements on sensor spacings and 
weightings. This results in a filter-and-sum array, with the sensor filters creat­
ing a space-tapered array: at each frequency the non--zero filte:r responses iden­
tify a subatray having total length and spacing appropriate for that frequency. 
Although this d(lsign technique results in a beampattern that is frcquency­
inV'ariant over a sped.fled frequency bandl it is not a gE:meral design technique, 
since it is based on a. specific array geometry and beampattern shape. Other 
recent techniqu<Js for CDB design in.dude [12] (bMed on a two~dimensional 
Fourier transform property (13) which e:idsts for equally-spaced arrays) and 
[14] (based on a beam space implementation). 

Pn:nnpted by the wo:rk of Doles and Benedict, we derived in [15] a very 
general design method for CD ifs, suitable for three-dimensional array geome­
trieK In this cha.pt.er we outline this technique, and discuss implementation 
issues specific to microphone array applications. 

Time-domain versus frequeney-dumaiu beamformfo.g 

There are two general methods of beamforming for broadband signals: time­
domain beamforming and frequency-domain heamformin.g. In t.ime-doma.in 
beamforrning an FIR filter is used on ear..h sensor, and the filter outputs 
mmum,<l to form the beamforrncr output- For an arra;y with Af sensors1 each 
ft,'Bding: a L tap filter, there are 11,fL free parameters, In frequency-domain 
beamforming the signal received by each sensor is separated into narrow­
band frequeney bins (either through bandpass ftltering or data segmentation 
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6 Ward et al. 

and <liscrnte Fourier transform), and the data in each freque.ncy bin is pro­
c~..ssed separately using narrowband techniques. For an array with M sen­
sors, with L frequency bins within the band of interest, there are again .ML 
free paramet;ers, As with most beam.formers, the method that we describe in 
this chapter can be formulated in either domain. A time-domain forn:rnlation 
has previously been given in [16], and hence, we restrict our attention to 
frequency-domain processing here. 

1.2 Problem Fo.r.mulation 

Consider. a linear array of 1'.1 = 2N + 'I seJ'.lsors located at Pn 1 n = -· N 1 • , , , N. 
Assume that the data received at the nth sensor is separated into narrowband 
frequency bins1 each of width Llf. Let the e,1mter frequency of the it,h bin be 
Ji, m1d denote the frequencies within t,he bin as 

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

ThB,deJSired source signal is represented by s,(k), a;nd the Af-vector vi(k) rep­
resents the interfering noise ( consisting of rcverlw.:ration and other unwanted 
noise sources). The array vector a(fJJ) represents the propagation of tht) 

signal source to the ana.y, and its nth elr.ment is given by 

a-..(0if) = e-j21rfc-;p.,tmso, 

where c is the speed of wav~ propagation, and () is the direction to the desired 
sourc€ ( measured relative to the array a.xis), To s:implliy notation we will drop 
the explicit dependence on k in the sequel. 

The beam:for.mer output is formed by applying a weight vector to the 
received array data, giving 

(Ll) 

where H denotes Hermitian transpose, and Wi is the Af-vector of a.nay 
weights to apply u, the ith frequency bin.2 

The spat.ial response of the hea.mformer is given by 

(1.2) 

whkh d(>.nnes the transfer function between a source at. location 0 E [-n, w) 
and the beamformer output. Also of interest is the beampattern, defined as 
the squared magnitude of the spatial response. 
2 Note that it is a notatiuna.1 convention to use wn rather than wT [1]. 
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1 Constant Diredi.vity Beam.fo.nning 7 

The problem of designing a CDB can now be formulated as finding the 
array '\veights in each freqiwncy bin such that tlw resulting spatial respons<~ 
remains constant over all fr.equ0ncy bins (Jf interest. 

One simpkl (but not very illuminating) approach to solving this problem 
is to perform a least-squares optimization in each frequency bin, Le. 1 

{1.3) 

where 0p1(B) is the desired frequency-invariant response. Thus, in each fre­
quency bin the.re are M free paramr:ters to optimize. Although this is a stan­
dard least-squares optimization problem and the required a:rray W(~ights are 
eaBilY found, the solution provides very little insight into the problem. Specif-­
kally, them is no suggestion of any inherent structure in the CDB1 and many 
importm1t questions are left unanswered, such as how many sensors are re­
quired, and what range of frequencies can be us€d. 

In an attempt to provide some insight into the problem of designing a 
GDB, we take an akernative theoretical approach in the following section, 
and then rolate these tlworetical results back to the problmn of finding tht, 
required filter coefficilmt,s. As we will see, there is in fact a v1~ry strong implicit 
strudure in the CDB, and exploiting this structure enables us to reduce t.he 
number of design pararneters and find efficient iroplementa,t.ions. 

1.3 Theoretical Solution 

It, is wcll known that the imp01·tant dim€nsion in determining the array r&­
sponse is the physical a.rray size; rnea.<Jured in wavelongths. Thus, to obtain 
the same beampa-ttern at, di:ffenmt frequencies r<,'quires that the array si7,e 

remains constant in terms of wa:vele11gth. Specifically, consider a li:mm,r ar­
ray with N elements located at Vn, n = l, ... , 1V, and a.•;sume f;he array 
weights are rJ-tosen to produce a desired beampa,ttern b(B) at a frequency 
Ji. Then, ,l.t a frequency fz, the sam€ hNtmpattern b(O) will be produced 
if the same array weights are used in an array with elements located at. 
P,lf ii h) 1 n = 1, ... , N. In other word£, the size of the array must scale di• 
rectly with frequency to obtain the sa;me bemnpattern. 3 To obtain the same 
beampattem over a continuous range of frequencies would theoretically re• 
quire a continuum of sensors. 

1.3.1 Continuous sensor 

Motivated by this int.~rpretation, we consider the response of a theor<~tieal 
continuous sensor. Assume that a signal x(p, I) is received at, a point; p on 

3 This is t)recisely the idea used in the hannonica1ly-n(:!Sted subarray technique. 
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8 '\lVard et al. 

the sensor at frequency f, and a weight w(p, f) is applied to the sensor at 
this point and frequency. The output of the sensor is 

y(f) = I 'W(p, f) i:(p, !) dp, 

and the spatial response fur a source at angle 0 is 

\Ve ru:Jsume that the aperture ha.B finite support in p, a.nd thus, the integration 
has infinite limits, 

Let u ;;,:;:; c-1 cos 0. The response of the continuous sensor can now be 
written 

bv,(u,J) = f w(p,f) e----j'l"l<'fpu dp, 

Let the sensor w-ei:ghting function be given by 

w(p, f) = J.8(pf), (l.5) 

where B( ·) is an arbitrary; absolutely-int.egrable, finite-support functfon, .Sub­
stitution gives 

With the change of variable (=pf, and noting that d( = Jdp, it is easily 
seen that tJ1e resulting spatial response is now indepe11de11,; of frequency, i.e., 

(1.7) 

This is an important result) since it states that if the weighting function 
is given by ("l.5), then the resulting spatial response will be independent of 
frequency. In other words, (1.5) dl..fines the weighting funetion for a CDB. It 
was shov;m in [15] 1 that not only does (L5) provide a. sufficient condition1 but 
it is in fa.ct the necessary condition for a frequency-invariant spatial response. 

:l.3.2 Beam-sha:ping function 

Equation (L 7) defines a Fourier transform relationship between BO and 
~1(•). To achieve some desired spatial response, the required function B(,;;) 
is thus easily found by taking the inverse Fourier fa:.'msform of b(tt). We will 
refer to B(-) as the beam-sho.pi1ig {BS) function, since it has a fundamental 
role in detennining the spatial response, 
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l Constant Directivity Bea:mforming 9 

Because of its symmetry ,vi.th respect to space and frequency, the BS 
function can be interpreted as either a filter response a.t a certa1n point1 

i.e., Hp(f) = B(J,f), or equivalently, as an aperture weighting function at a 
cert.am frequency1 Le., AJ(p) ""· B(pf). 

\Ve will assume that the BS function is Her:m.itian synunetric, i.e., E (-() = 
IP'((). This implies that the resulting spatial response is rnal~valued. 

1.4 Practical Imple:mentation 

Whilst we have shown theoretical.ly that it is possible to produce a beampat~ 
tern that is exactly frequency-invariant using a tonUnuous sensm\ in prac~ 
tise we must at.t(~mpt to approxiniate such a. response using a finite array 
of discrete sensors. The problem of approximating a continuous apertuN by 
a, discrete anay has been considered in 117]. One simple but &1:iective tech­
nique is to approximate the integral in (1.6) using a Riemann sum-this 1s 
the approach. we take here. In particular, we use trapezoidal. integra.tion to 
a:pproximate the integral (1.6) by a summation of the form: 

N 
bv,(u) = I: f B(pnf) e-j'l-;r/p,.u Lln (1.S) 

ri,"",--iV 

where Pn is the fot.'.ation of the nth discrete sensor) and bF1 deuotes an approx­
imation of bi,-1. '\Ve asstrme that. the arra.y is Hermitian symmetric ab(mt the 
origi:n,. so that B(-pf) = B(pf)*, and P--n = -1-'n• Although the technique 
is suitable for an arbitrary array geo111etry1 a syn-unetrk geometry simplifies 
i.mpfoment;ation, and ensures that the position of the array phase center does 
not vary with frequency. Th{i length of the nth subinterval is 

(1.9) 

which we refer to as the spatial ,weightirt!J term. 
Relating (1.8) to the response of a general array (LZ), we find that for a 

CDB the weight on th(: nth sensor in the ith frequency bin is 

(1.10) 

where, rnca.ll, Pn is the location of the sensor, and f, is the cmter frequency 
of th(~ bin. 

1.4.1 Dimension-reducing paranrnterization 

Define the reference beam-shaping filter rf.~ponse as 

H(f) = B(p,ed), (1.11) 
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10 Ward et aJ 

where p..,1 is some reference location (to be defined later). Also define the 
beam-Bhaping filter response of the nth sensor a .. 'l 

H,,.(f) = B(p;.J), n = -1\T, . ., > N. 

It h:nmediately follows that the BS filt;0xs satisfy the following dilaHon propM 
erty: 

(1.12) 

where 

-Yn""' _?n 
p,,,,f 

is the dikition factor £Jr the nth sensor. This is au extremely important prop­
erty, since it shows t.hat the filter responses on all sensors can he derived from 
the single filter response, H (f} 1 and enables the following efficient implemen­
tation of t.lw CDB. 

Let th(~ reference HS filter response be giveu by its standard FIR filter 
mpresnntat.ion: 

II(f) = L h[l] e··J2•f/f,1
1 

l 

wh£'re .fs is the sampling frequency, a.nd h[lJ is a £-vector of bemn-shaping 
aiefficients. J?rom (1.12), the nth BS filter response is given by 

lln(f)::::: L h[lje•·-}2-,rJ/f,,-y,.,.t 

I 

= hH d,,.(f), (1.13) 

where dnU) is the £.~dimensional dilation vecti:w for the nth sensor. ,From 
(1.10), we_s~~e that, 1;he weight. to use on the nth sensor in the ith bin is 

{1.15) 

is a L-<linmnsional tmnsfonnation nector. 
Equation (Ll4) demonstrates the efilcient parmrwtcrization afforded by 

this part.icular formulation of the CDB problem. Whereas the naive least~ 
squares approach {1.3) requires an optimization of Jvi pararnet.ers Wi in each 
frequ{',ncy bin, we find that it is really only nPcessary to choose L frequency~ 
independent BS parameters h. Changing the bear.npattem shape only re­
quires modification of these BS coefficie.nts, and the implicit st.ructure im­
posed by the transformat.io.n vectors ensures thi~t t,hJ) r.;1sulting response has 
const.ant directivity over the design band. 
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1 Ca.n.stant, Di:rnctivii:y Beamforming 11 

".1..4.2 Reference beam-shaping filter 

The underlying principle oft.he CDB is t,hrJ.t the size and sha,pe of the act.ivc 
an:.ay ape..rture should scale directly with frequf.mcy; This frequency sealing 
operation is pt'rformed by the BS filters . .h1 d(idding the coefficients of the ref­
erence BS fi1tt1r, and the location of the reference point P,n, we must consider 
this scaling property in more detail. 

Let the chosen aperture size be Q wavelengths. Assuming the arra.y is 
symmetric about the origin, this means that at any wavelength .\, sensors 
further from the origin than Q).J2 should biJ inactive, In otb(~ words, the 
nth sensor should have a low-pass characteristic with .a cutoff frequency of 

(1.16) 

From (1.13), note that "In > 1 results :in compression in the frequency do­
main1 whe:reag '7n < 1 results in freqtt(>,ncy expansion. Since the discrete-time 
frequency response H(f) is periodic, it. follows that. fr.eque:r1cy compression 
may cause aliasing; this is extro:rrwly undesirable. Aliasing can be avoided in 
one of two ways. First, choosing p,»f = max IPn-1 ensures that '-Yn $ 1, Vn, thus 
avoiding aliasing altogtther----however, this requires additional constraints on 
the reference BS coefficients to imJ)OSe the low-pa<Js propi~r1;y (L16). Alterna­
tively, for sensors having 'Yn > 11 the weights w,i,n are set to zero for frequent·y 
hh1.s h > fn···---t;he reference BS wcights .are now potent.tally unconstrained. 
Of these two apptoa.<:bes, the second is preferable, since it removes any con­
straints on the BS coefficients. Moreover, the requirement that the sensor 
weights within c11rtain bins are always z.ero does not complicate h:nplem(mta.­
tion. 

Assume that the frequency response of the reference BS filter is non-zero 
for all frequencies up to f,,/2, the Nyquist frequency; this is the rnost general 
case of H(f). Prom (1.16), it, follows that a sensor with non-~~cro frequency 
response up to /9/2 would he posit,ioned a.t IPril = Qc/ ff• Thus, for the most 
g,'011eral case of JI(f) the reference location is chosen as 

(1.17) 

The reference BS coefficients cai1 he found by using the Fourier transform 
relationship defined by (1.7). Specifically, the BS function B(() is found. by 
taking the Pourier tt<'U"!Sforrn of the desirnd frequericy~invariant spatial re-­
sponse 0t,•1(u), Setting f = (/P,,.r, .B(() now· defines t.he frequency response of 
the reference HS filter. The BS coeffident voctor his found using any stan.­
dard FIR filter design technique. In practise, low-order impklmer:itations of 
the reference BS filter are generally to be preferred; this point is demonst:rattxl 
in the following section. 
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12 Ward et aL 

1.4.3 SensQ:r placemei1t. 

The most common geometry for array processing applications is typically 
ru1 equally-spaced array, mm ally with a spacing of one half -wavelength at 
the highest frequency of operation. Although such a geometry is valid for a 
CDB, less sensors aix~ required if a logaritfoi1ically spaced array is used. In 
choosing an appropriate sensor geometry, the most important. consideration 
is to ensure that at any frequency spatial aliasing is avoided. 

The idea. is t.o start. wit.h an equally-spaced array that is used at the highest 
frequency, and then progressively add more sensors with widet: spacings as 
freq_uene.y decrewies (and the wavelength increases), At any frequency f, the 
total active apert;ure siy,e should be Qc/ J 1 and foe largest spacing within the 
active a.rray should he c/(2.f). These requirements axe met (using the least 
number of sensors) with the following symmetric anay geometry: 

(1.18a) 

(L18b) 

(L18c) 

Note that a. harmonica.lly«nested subarray geometry is only produced if Q = 2. 

1.4.4 Summary of itnplementation 

1. Choose a set of L refer£>,:nce BS coefficients, h. 
2. Position the sem,ors according to (L18a.)-(1.18c). 
:J. In the ith frequency bin, the weight on the nth sensor is 

H 
W,t,n = h ti-,n, 

where 

t· _ {JiL1ndn(h), 
i,n - O, 

Qe 
fn = 2lPnl 

L\ _ Pn+l - Pn-1 
n ·~· 2 

otherwise, 

dnU,) = [ejZitf/f.•t,,;(L--1)/2, ... ,e-J2wf/f,-r,.(L-t)/2] 

!Pnl 
rn = --­

V,..t 
Qc 

p,.f = 7;· 
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1 Constant Directivity Beamforming 13 

1.5 Examples 

We now show an example of the CDB design technique. The design was for 
a bandwidth of 300-3000 Iiz (i.e., fhe same bandwidth as used in Fig. Lt), 
with an aperture size of Q = 4 wavelengths. Using an Ff.'T size of 128 resulted 
in 44 bins within the d•}sign band, with e.aeh bin having a width of 62.5 Hz. 
The sensors were positioned according to (1.l8a)-{1.18c), resulting in the 
M = 25 sensor array geometry slwwn in Fig. 1.2. For frequencies of 1000 Hz 
and 2000 Hz1 the adive sensors are also indicated in this figure. 

f,., 2000 Ht 
('"---. 

f.,1000H:t 

"'"wl "°""'"'"· '---'---'---•__;.---'-••".w.v.v....S.. ,.,._.....J...--'----' 
··2.5 ---:! "1.5 -1 -0,5 0 O.!i 1 1.5 

POSITION (m} 

Fig.1.2. Array geometry used fur example CDB. 

Assume we wish to design a standard sine-like response (as produced 
by a uniformly wt>ighted array). In this crum it is known that the aperture 
function should be uniform. Thus, the BS function B(·) should ideally be a, 

brick-wall low-pass filter. Assuuie we design the BS vector h to approx:ir.nate 
an ideal low-paBs filter using D = 101 filter coefficients. This results in the 
BS frequency responses Rhown in Pig. 1.3; for each sm1sor in the array, the 
v.-'flight required at each frequency is plotted. Note that these responses arc 
all dilations of a single response, and that each has a low-pass charactf'sistic. 

Using these BS coefficients, tJm resulting spatial response of tho CDB is 
shown in Fig. 1.4. Although the variation is not as great as for the :narrow­
band design in Fig. Ll, the spatial response in Fig. 1.4 is far from frequency 
invaria111;. '\Vhy is this'! The answer lies in the fad that the BS frequency 
response has a very sharp cut.off. Consider a single sensor. At low frequencies 
the sensor is always on. As frequency increases, there ,vi11 come a point ·where 
the sensor will suddenly turn off, and at this frequency the aperture abruptly 
changes s.ize. This abrupt change in the active aperture causes the alp-like 
appearance of the spatial response in Fig, l.4. 

Now, retuming to t.he problem of designing the BS co€ffidents for the 
desired. 1.iniforrn spa:tial respons(i, assume we design the BS 'Vector h t,o ap-
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14 Wa;rd et al. 

Fig.1.3. P1:w1uency responses of the weights on -0ad1 sensor. 

FREQUENCY (Hz) ANGLE (tfogroos} 

Fig. 1.4. Spatial :reiponse of exan:1pfo CDB. 

proximate an ideal low-pass filter using only L = 21 filter coefficients. This 
results in the BS frequency responst,s shown in }'i.g. 1..5. In comparing this fig­
ure with Fig. lA., notice that tho frequency responses e .. xhibit a mm·e gradual 
L11tOff. 
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1 Constant Dh-ectivity Boomfoxming 15 

FREQUENCY (Hz) ANGLE (degrees) 

Fig. 1.6. Spatial responSIJ i)f exa,mple CDB. 

Usin.g these 2.1 BS coefficients, t,he resulting spatial response of the CDB is 
shown in Fig. 1.6. In tl:illl case the spatial response shows very little variation 
with frequency. This demonstrates that one should take careful consideration 
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16 \Va.rd et al. 

of how well the underlying function can be approximated by the discrete 
array when choosing the requil:ed BS function. 

L6 Conclusions 

Const.ant-directivity beamforlning is a useful technique £or spatial filtering 
in broadband signal envkomuents in ·which the desired signal mid the inter­
fernnc•J signals co,>et approximately t,he same bandwidth. In this chapter we 
have develop<,>d a. technique for designing a. CDB, and shmV1'.1 that there is 
an diicient parameterization and underlying structure exhibited by a CDB. 
The greatest drawback of a CDB in microphomi array applications is that 
the size of the ai-rao-• is related to the lowest frequency of operation. Thus, 
producing an array that has a. frequency~iuvariant spatial response down to, 
say, 300 Hz may require an array that is several meters long. In all but the 
largest rooms this is impractical. However, a constant spatial response can be 
readily &bieve<l for mid and high frf',,quencies (above say 1000 Hz) using an 
arraiY with a total size of less than a meter. For the lower frequendeti, otht"l' 

methods (such as the superdirective techniques described in the following 
chapter) are probably more appropriate. 
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5 Robust Adaptive Beamforming 

Osamu Hoshuyama and Akihiko Sugiyama 

NEC Media Research Labs, Kawasaki, Japan 

Absh,act.. This ch<J,ptet presents robust adaptive beamforming techniques designed 
specifically for microphone a.rra;y applications. The basics of adaptive beamfonn­
ers are :first :reviewed with the Grifilths~Jim beamformer (GJBF). Its robustness 
proolem.s caused by steering vector er.rnrs iu-e then discussed with some convention­
ally proposed robust he:nnform€'xl'L As better solut-ions to the conventional robust 
beamformers, GJBFs with an adaptive blocking matrix are presented in the form of 
a. microphone ,irra,y. Simulation results and real-t.i:me evaluation data shaw that a, 
new robust adaptive mkrophone array achieves improved wb11sh1ess against steer­
ing vector errors,. Good sound quality of the output sign~tl i.<:. also confirmed by a 
subjective evaluation, 

5.1 Introduction 

Heamforming is a technique which ext,racts the desired signal contaminat,('ld 
by inter:ferenc,e based on directivity> Le. spatial signal oole<:tivity [1H5]. This 
extradion is p<'rfor:m.ed by processing the signals obtained by multiple sensors 
such as microphones, antennas, and sonar t,ransduccrs located at diff".xcnt 
positions in the spa.co. The principle of beamforming ha..q been known for a 
long time. Because of the vast amount of n.eC€ssary signal pro(',essing:, most 
research and developmf',nt effort has been focused on geological investigations 
and sonar, whi.ch can afford a :higher cost. With the advent of LSI technology, 
the required amount uf signal processing has become rdativaly small. As a 
result; a variety of reseaxch projects where acoustic beamforming is applied 
to c<mstuncr-oricntcd applications, have been carded out [6]. 

Applications of beamforming include microphone arrays for speech en­
hancement. The goal of speech enhancement is to remove undesirable sig­
nals such as n.oise and reverberation. Among research areas in th~~ field of 
spooch enhancement are tdeconfernncing: [7]----(8], hands-free telephones [9] ·· 
[11], hearing a.ids [12]-[21], speech recognition [2.2}·[23), intelligibility improvi~·­
ment [24]~[25], and acoustic m.easurement (26]. 

Beam.forming can be considered as multidimensional signal processing 
in space and time. Ideal conditions assumed in most theoretical discussions 
a.re not always maintained. Tbe target DOA (direction of arrival}, which is 
assumed to be stable, does change with the movement of the speaker. The 
sensor gains, whk.h are Ml:lumed uniform, exhibit significant distribution, As 
a result, the performance obtained by bemnforming may not be M good as 
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88 Hoshuyama and Sugiyama 

is expected. Therefore, robustness against stt.aering-vector (::'rrors caused by 
these array imperfections are becoming more and more import.ant. 

This chapter prestmts robust adaptive beamforming with the emphasis 
on microphone arrays as its application. In Section 2, the basics of adap­
tive beamformers are reviewed with the Griffiths<lim beamformer (GJBF). 
Section 3 discusses robustness problems in the GJBF. Robust adaptive micro­
phone arrays as solutions to the robustness problem are presented in Section 
4. Finally in Sect.ion 5 evaluaUons of a robust adaptive microphone array are 
presanted with simulation results and real--time evaluatio.n data. 

5.2 Adaptive Beamformers 

A beau1forme.1· which adaptively forms it,s directivity pattern is called an 
adaptive beamformer. It simultaneously pt>xforms beam steering and null 
steering. In most acoustic beamformers, however, only null steering is per­
formed with an a.ssw:nption that the target DO.A is known a priori Du.e 
to ada;ptive processing, deep nulls can be developed even when errors in the 
propagation model mdst. As a result, adaptive beamfomwrs naturally exhibit 
higher interfe.renee suppression capability than its fixed count.erpart. Among 
varioUB adaptive beam:formers, the Griffiths-Jim beamformer {G,JBP) [27]1 or 
the generalized sidelobe canceler; is most widely known. 

Figute 5.1 depicts the strncture of the G,JBF. It comprises a fixed beam~ 
former (FBF), a multiple-input canceler (MC), and a blocking matrix (BM). 
'The FBF is designed t.o form a beam in the look direction so that the target 
signal is passed and all other signals m:e att.enuat.ed. 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 rumplest. structure for the BM is a delay-and~-subtract beam.former 
which was descdbed in the previous sect.ion. Assuming a look direction per­
pend.iculat· to the array surface, no delay element is nocessary. Thus, a set 
of subtracters which take the difference between the signals at tfa~ adjacent 
microphones can be used as a BM. This structure is actually t.he one shown 
in Fig. 5.L Tho BM W'<lS named after its function, which is t.o block t.he target 
signal. 

The MC is composed of multiple adaptive fiitel'S each of which is driven 
by a BM output, z.,,(k) (n=0, 1, • •·, N-2). The BM outputs, Zn(k), contain 
all the signal components except that in the look direction. Based on these 
signals, the adaptive filters generate replicas of components correlated with 
the interferences. AU the replicas are subtracted from a delayed output signal, 
b( k - £ 1) 11 of the fixed beamformer which baa an enhanced tmget, signal 
component. As a result1 in the subtracter output. y(k:)i the target signal is 

1 The L 1 -sample dday is introduced to compensate for the signal processing delay 
in the BM and the MC. 
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5 Robust Adapt.ive Beax.nfor.ming 89 

Fig. 5.1. Griffiths-Jim beamform<'.r. It comprises a fixml beam.former (FBF), a 
nmltiple-input ca.ncder (MC); and a blockin.g matrix (BM). • 

• ~ 4 ~ 0 ~ ~ M 00 
Direction of Arrival (Degrees! 

Fig. 5.2. Example directivity pattern of the Griffi:ths-Jim beamformer. 

enhanced and undesirable signals such as ambien·t noise and interferences are 
suppressed. 

The GJBF can be considered as an adaptive noise canceler with multiple 
reference signals, each of which is preprocessed by the BM. In an adaptive 
noise canceler, the auxiliary microphone is located close to the noise source 
to obtain a best possible noise reference. On the or.her hand) t.he BM in t;he 
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Ii'ig. 5.3. Directivity pattern of a fixed beamfonner (FBF) and a blocking matrix 
(BM). 

GJBF a'--tracts, with its directivity, the signal wmponE>11ts correlated with 
the noise, 

Figure 5.2 depicts an example directivity pattern obtained by the GJBF. 
In the direction of the target signal, almost constant gains close to 0 dB are 
obtained OYet a wide range of frequencies. On the contrary, in the dinJction 
of the interference, a deep null is forme;l Although the directiYit:y has frc~ 
que:ncy dependency, target signal extraction and interforence suppression are 
simultaneously achieved. 

'\Vith the same microphone axray1 adaptive beam.formers generally achieve 
better interfer<➔nce suppression than fixed beamforrners. This is because nulls 
are sharper than beams. The effect is demonstrated in Pig. 5.3, where direc­
tivity patterns of the FBF and the BM axe illustra.ted. The null of the HM 
and the main lobe (beam) of th(J FBF are locate.cl in the target direction. It 
is also clear :from the figure that they are orthogonal to each oth<>s. The BM 
in Fig. 5.1 has a. simple delay-and-sum structure, however, a tilt.er-and-sum 
beamformer [28,W] may also he employed, 

5.3 Robustness Problem in the GJBF 

The GJBF suffers from target-signal ca.nce1lation due to st<:lering-'\.'BCtor er-­
rors, which is caused by an undesirable phase difference between Xn ( k) and 
:ttn+1 (k) for the target. A phase error leads to target signal leak;i,ge into the 
BM out,put signal, As a result, blocking of the target becomes incomplete, 
whlch results iu target signal cancellation at the microphone array output. 

Steering~vector errors are inevitable because the propaga.tkm model does 
not alwa;ys reflect the nonstationary physical environment. The st(~ering vec­
tor is sensitive to errors in the-microphone positions, those in the microphone 
characteristics, and those in the assumed target DOA (which is also known 
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5 RobUEt Adaptive Beamforming 91 

as the look direction). For teleconferencing and h..mds-free communication in 
the ca:r,. the error in the assumed target. DOA is the dominant factor. 

A variety of teehniques to reduce target-signal cam:cllation have been pro­
posed mainly in the field of antennas and radars. The heamformers with these 
techniques are called robust beamforrners. Typical approaches are reduction 
of the target-signal leakage in the BM outputs and restraint of coefficieut 
growth in the MC. The former can be considered as a direct approach which 
reduces the targL>t leakage in the BM output. The latter takes the fonn of an 
indirect approach. Even if the.re is taxg<rt, klakage i11 t.11e BM output 1.IBed as 
the MC input, the MC tries to minimize its in·flu~~nci?. • 

Techniques to reduce t.arget-signal leakage i.ndude: 

• Target Tracking: The look direction is steered to the continuously esti­
mated DOA [30]-[32]. Mistracking to interference may occur in the ab~ 
sence of a target signal. 

• Multiple Constraints in BM: ivfultiple constraints are imposed on the BM 
so that signals from multiple DO As a.re eliminated [33]. To compensate 
for the 1oss of t;11e degrees of freedom for interference reduction with a 
large DOA error, additional microphones are needed. 

• Constrained Gradient for Look-Direction Sensitivity: Gradient of the sen• 
sitivity at the look direction is constrained for a smaller variance of the 
sensitivity [34135]. For a large error, loss in the degre&s of freedom is 
inevit.able, 

• Improved Spatial Filter: A carefully designed spatial filter is used to elim­
inate the target signal [28}. Such a spatial filter also loses degrees of free­
dom. 

T<1chniques tha.t attempt to restraint excess coefficient growth include: 

• Noise Injection: Artificially-generated noise is added to the error signal 
used to update the <1,daptive filters in the MC, This noise causes errors in 
the ada,ptive filter coefficients, preventing tap coefficients from growing 
excessively [36]. A higher noise level is needed to allow a. larger look­
direction error, resulting in less interference suppression. 

• Norm Constraint: The coefficient norm of the adaptive filters in the MC is 
const,rained by a,n inequality to suppress the growt,h of the tap coeflkie:nts 
[37]. In spite of its simplicity, interferenco reduction is degraded when the 
constraint is designed to allow a large error, 

• Leaky Adaptive Algorithm: A leaky coefficient adaptation algorithm sur,h 
as leaky LMS is used for the adaptive filters i.n the MC [28]. A large 
leakage is needed to allow a large look~diwction error, leading to degraded 
interforence-reduction. 

• Adaptation Mode Control: Coefficient adaptation in the MC is controlled 
so that adaptation is carried out only when there is no tu.rget signal [38]. 
If there is no target signal when coefficients are adapted in the MC, 
the target leakage, if any, will have no effect on the performance of the 
beamformer. 

-91-

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



92 Hoshuyama and Sugiyama 
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! 

These methods have boon developed for a s:mall look-directfot1 error; typ­
ically foss than 10 degrees. In the cast) of microphone arrays, the V-&Xiance 
of the target DOA ls typically much larger than in antennas and radar ap­
plications. No single conventional technique for robustness is sufficient for 
microphone an:ays with a larg-er phase errors. 

5.4 Robust Adaptive IVIic:rophone Arrays-······ Solutions 
to Steering-Vector Errors 

5.4.1 LAF-LAF St,ructure 

A target-tracking method with leaky adaptive filt;ers (LAF) in the BM was 
proposed as a solution to target signal cancellation in [39]. It is combined 
with leaky adaptive filters in the MC [28], thereby called a LA'.F-LAF Htruc­
ture. Figun1 5.4. depicts its block diagram. The leaky adaptiVB filt.ers in the 
BM alleviate the i:nfl.mmce of phase error, ,vhkh results in the robustness. 
This structure t,an pick up a target signal with little distort.ion when the 
error between the actual and the assuu1ed DOAs is not small. It doe.s not 
need matrix products, and provides easy implementation. The nth output 
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5 Robust Adaptive Beamfor:ming 93 

zn(k)(n""' O, 1, ... ,N ~ l) of the BM can be obtained as follows: 

zn(k) ""'- Xn(k - L2) - h! (k)b(k)1 (5.1) 

h,,(k) ~ fhn,o(k)ihr1,1(k), ... ,hn,,w,-1(k)]T, (5.2) 

h(k) ~ [b(k),h(k-1), ... ,b(k-.M1 + 1)]'7, (5.3) 

where [·fl' denotes vector transpose and Xn(k) is tho nth microphone signaL 
L2 is the number of delay samples for causality, hn{k) i8 the coefficient vector 
of the nth LAF, and b(k) is the signal vector consisting of delayed sign.a.ls 
of b(k) (which is the FBF output). Each LAF is assumed to have M1 taps. 
The adaptation hy the normalized LMS (NLMS) a.Jgorithru [40] is described 
as follows: 

(5.4} 

wh'"ire a: is the step size for the adaptation algorithm, and i'i, 0 S fJ ,$ 1, is the 
leakage comtant. 

LAFs are also used in the MC for enhancing the robustness obt,ained 
in the BM. The LAFs prevent unde£ira1ile target,-signal cancellation caused 
by the remaining correlation with the target signal in z11 (k). Tap coefficient 
vectors wn(k) of the MC have M2 taps and ~we updated hy a.n equation 
similar. to (5.4L where hm b 1 and .z~.(k) are replaced with Wn, Zn, a.nd y(k), 
respect.ivdy. The leakage constant o and the step size a are replaced with 'Y 
and f3 rnspectivdy, and may take different values from those in (5A). 

With the LAFs in the BM, the LAF-LA:F structure adaptively controls the 
look direction, \Vhich is fixed in the GJBF. Due to robustness by the adaptive 
control of the look direction, the LAF-LAF structure does not lose degrees 
of fret>dom for interference reduct.ion, Thus, no additional :microphones are 
required compared t.o the convention.al robust beamformers. 'l'arget signal 
leakage in the BM is sufficiently srnall to use a minimum leakage constant r 
in the :rv1C even for a large look~direction error. Such a value of"/ leads to 
a higher interference-reduction performance in the MC. The output of the 
LAFs are summed and suhtr&(,•t(id from an L 1 sample delayed version of the 
FBF output to generate the microphone array output y(k). 

Tbe width of the allowable DOA for t,he target is determined by the 
leaky constants and the step sizes in both the BM and the MC. Generally, 
smaller values of these parameters make the allowable target DOA %icier, The 
allowable DOA width £or the target is not a simple function of the parameters, 
howevert and is not easy to prescribe. It is reported [39] that the interference 
is attenuated by more than 18 dB when it is designed, through Himulations, 
to aJJow 20 degree di:rix:tional error, Tracking may not be sufficiently precise 
for a large tracking range. Thus, th.ere is a trade-off betw<:,-en the degree of 
target-signal cai1cel1ation a:ud the amount. of interference suppression. 
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Fig. 5.5. GJBF with a OCAF-LAF Structure. 

5.4.2 CCAF-LAF Structure 

A more cfft--etive solution is to use coefficfont-constrained adaptive filters 
(CCAFs) in the BM [41i42]. \Vhen combined with leaky adaptive filt<mi in 
the MC as depicted in Fig. 5.5, the result is C.'llled a CCAF-LAF structure. 
CCAFs behave like adaptive noise cancelers. The input signal to each CCAF 
is the output of the FBF, and the output of the CCAF is subtracted from the 
delayed microphone signal. The CCAF coefficient vectors hn(k) a.re adapted 
with constraints. Adaptation by the NLlVLS algorithm is described as follows: 

for h 1n(k+l) > 'Pn 
for h1 n(k+ 1) < 1./Jn 
otherwise. 

'1>n ~ [¢in,u,4>H,1i ... ,¢n,M1-lf1 

1./Jn § (!fin,ih ~lr,,1, • • • , ¢n,A11 ~1J1', 

(5,5) 

(5.7) 

(5,8) 

where each CC.AF is assumed to have .M1 taps and h'n(k+1) is a temporal 
coefficient vector for limiting functions. ¢:n and 'lPn are the upper and lower 
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5 Robust Adaptive Beam.forming 95 

bounds for coeffidents. In the output signal. Zn(k), the components correlated 
vrith b(k) are cancelled by the CCAFs. 

Each coefficient of the CCAFs is coni:.'trained based on the fact that filtnr 
coefficients for 1;arge1,.signal minimization vai·y significantly with the target 
DOA. An nx:ample of filter-coefficient. variation is iUustra,ted in Fig. 5.6. By 
the design of the constrained regions of the CCAF coefficients, the maximum 
allo·wable look-direction error can be specified. For example, when the CCAF 
coefficients are constrained in the hatched region in Fig, 5.6, up to 20° error 
in look direction could be allowed. Only the signal that; arriv(',s from a DOA in 
the limited DOA region is minimized at the outputs of the BM and remains 
at the output of the MC. If no interference exists iu the region, which is 
common with microphone arrays, no mistracking occurs. For details on the 
rlf•.sign of upper and lower bounds, refer to {42]. 

Figure 5. 7 illustrates a qualitative comparison between the LAF and the 
COAF with respect to look-direction error and coefficient <:irror from the 
optimum for signal blocking. Both the GCAF and the LAF give error char­
act£>.ristJcs approximating the ideal nonlinearity for target tracking .. HoweV('.r, 
the coefficient error of the CGAF is a better approxirnati<m to the ideal non­
linearity than that of the LAF as shown by Fig. 5. 7, The coefficient error 
of the CCAF becomes effective only when. the look-direct.ion error excoods 
the threshold, otherwise it has no eff-ect. On the othm: hand, the coefiicie:nt 
error of the LAF varies continuously with the look-diredion error. Therefore, 
the COAF leads to precise target tracking, which results in sharper spatial 
selectivity and less target-sign«tl cancellation. 

5.4.3 CCAF-NCAF Structure 

It is possible to combine the BM ,vith CCAFs [42] and the MC with norm­
const.raiued adaptive filters (NCAFs) [37]. This is a CCAF~NCAF struc­
ture [43]. NCAFs subtract from b(k - L-1) the r.omponents correlated with 
zn(k) (n = 0, ... ,Ill -1). Let 1'vl2 be the .number of taps in P,ach NCAF, and 
let wn(k) and Zi;{k) be t;he coefficient vector and the signal vector of the nth 
NCAF, respecUvely. The signal processing in the MC is described by 

N-1 

y(k) = b(k - Li) - L w!'(k)z11(k), 
n,;,;0 

where 

Wn(k) £. [wn.,o(k), ti/11,,1 (k), ... , Wn,.M2 -1 (k)]1', 

Zn(k) £ ftn(k) 1 Zn.(k.-1), ... ,z,.(k-1'vf2+1)]1'. 

{5.9) 

(5.10) 

(5.11) 
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Fig. 5.6. An example of CCAF coefficients to minimize signals from different DOAs 
and their e◊l.ll:ltraints. \\'1w,n the CCAF coeffid".nts are constrained in the hatched 
region, up to 20° error in look <lirection conld be allowed. 

i 
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Fig. 5.1. Com_parison of selectivity ilti LAF and CCAF. 

Coeflk.ients of the NCAF's an~ updated by an adaptive algorithm wifh a norm 
constraint. Adaptation with the NLMS algorithm is described as follows: 

w;i = Wn(k) + /j zj(t~lj(k)z,.(k), 

fot· .a> I{ 

otherwise, 

(5.12) 

(5.13) 

(5.14) 
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5 Rohust Adapt,ive Bea.mforming 97 

where /j and w~ a.re a step size and a ter..iporal vector for tb.e constraint, 
respectively. ft and Kare the total squared-norm of w.,.(k) and a. threshold. 
If ft exceeds K, wn(k + 1) are restrained by scaling. The norm constraint hy 
scaling rostrains excess growth of tap coefficients. The restraint inhibits the 
undesirable target cancellation when the target signal kiaks into the NCAF 
inputs. If the outputs of the BM have no targ,13t signal, the 1\{C cancels only 
the interference signals. In this ideal case, a norm constraint in the MC is not 
needed. However, complete rejection of the target signal is almost impossible 
in the BM, because actual environments have reflection and reverberation. 
rlb compl,ttely cancel the target signal in a reverberant environment, :rno:re 
than 1,(){)0 taps are needed for each CCAF in the BM. Such a large number of 
taps leads to slow convergence, large misadjustment, and increase-cl compu• 
tation. Even. with a high-speed processor and a fast conv1:1rgence algorithna, 
misadjustment with the ada.ptive filters is inevitable. Adaptation with a low 
signal-to-interference ratio (SIR) catm<1s additional misadj11.Stment by the in­
terference, which leads to leakage of the target signal at the BM outptd,s. 
'Iherefore, t.o avoid the target signal cancellation by leakage, a restraint with 
the MC such as the NCAF is essential. Because the CCAF-NCAF stmcture 
loses no degrees of freedom for interference reduction in the BM, it is robust 
to large look-dinlction errors with a small number of microphones. 

5.4.4 CCAF~NCAF Structure with an AMC 

Adapta.tions in the BM and in the MC should be performed alternately. 
This is beca11..'-le the relationship between the desired signal and the noise for 
the adaptation algorithm in the BM is contniry to that in the MC. For the 
adaptation algorithm in the m,.:r, the target signal is the desired signal and 
the noise is the undesired signal. In the MC, however, the noise is the desired 
signal and the target signal is the undesired signaL 

In tJ1e robust adaptive bea.mformers discussed so fa:r, it was implicitly 
assumed that adapt.ive filters in the BM al'e adapted only when the target is 
active and those in the MC a.re adapted only when the target is inactive. In 
a real environment~ however, the situation is not so simple, since incorrect 
adaptation of the BM may cause incomplete ta-rget blocking. As a result, 
the MC directivity may haVla 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 adaptive beru:nfom:ring {38]-[45]. in order 
to discriminate a,ctive and inactive periods of the target, an adapta.tion mode 
cont.roller (AMC) is necessacy, 

The CCAF-NCAF structure with an AMC [461 depicted in Fig. 5.8 uses 
a mixed approach of the BM with CCAFs, th .. ~ MC with NCAFs [3'71, and an 
AMC .. A BM consisting of CCAFs provides a. wider null for the target with 
shru:pex edges than leaky ~<laptive :filters. An MC comprising NCAFs reduces 
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98 Hoshuyama and Sugiyama 

undesirable t;arget-signal canceUat.ion whm1 the MC inputs have some leakage 
from the target signal. 

Microphones 
x0 (k,) 

X1 (k) 
FBF: 
Fixed 
Beam­
former 

b(k) 

CCAF: Coefficient-Constrained 
Adaptive Filter 

NCAF: Norm-Constrained Adaptive 
Filter 

Fig. 5,8, COAF-NCAF struchm~ with an AMC, 
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5 Robust Adaptive Bea:mfor:ming 99 

The AMC controls adapt.at.ion of the BM and the MC by target-signal 
detection based on an estimate of the sm [46]. The SIR. is estimated as a 
power ratio of the output signal b(k) of the FBF1 to the output signal ,tn(k) 
of the BM. The main component in the FBF' output is the i;argei; signal and 
that in the BM output is the noise. Therefore, the power r.atio .s(k) can be 
considered as a direct estimate of the SIR. When the ratio is larger than a 
threshold rt, the adapt,atfon of the BM is performed. Otherwise, foe MC is 
adapted. 

S.5 Software Evaluation of a Robust Adaptive 
Microphone Array 

The GJBF with CCAF-NCAF structure combined with an AMC (G.JBF­
CNA) was evaluated in '" comput,er-si.mulat.e<l anechoic environm<>.n:t and in 
a real environmcrtt with reverberation. In the former enviromnt>nt1 it was 
compared with conventional beamformers in terms of sensitivity pa,ttern. 1n 
the latter environment, it was evaluated objectively by SID, and subjectively 
by memt opinion score (MOS). 

Fig. 5.9. Normalized output power after convergence as a. function of DOA. 

5.5.1 Simulated Anechoic Environment 

A four-channel equi-spaced broadside array was used for these simulations, 
The spacing between microphones was 4.1 cm.The sampling rate was 8 kHz. 
The FBF used was a simple beamformer whose output is given by 

, l N-··1 

b(k) = N L :~n(k), (5.15) 
n;;;;-0 
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1.00 Hoshuyama .and Sugiyama 

The first simulation investigated sensitivity (after convergence) as ii ftmc­
tion of the single-sided DOA. Baud-limited (0.3.,·3. 7 kHz.) Gaussian signals 
were used, and the assumed target direction was 0°. The maximum allowable 
target~directfon error was 20°, unless other"'1se stated. The munber of coef­
ficients for all the CCAFs and all the NCAFs was 16. The parameters were 
L1 =10, L2=5t K =10.0, a=0.1, and /3=0.2. The constraints of the CCAF v,,ere 
set based on the arrangement of the simulated array and maximum allowable 
target-direction errors. Total out,put powers aft.er convergence, normali7..ed by 
the povirer of the assumed target direction, a.re plotted in Fig. 5Jt 

The plots are of the FBF (FBF), simple GJBF [27] (G,JBF), norm con­
strained method [37] (Norm Constrained) 1 and tJm G.JBF-CNA (Proposed). 
The solid line D sho,vs that the G.JBF-CNA achieves both robustness against 
20<> target-dirHct.ion error and high interference-reduction performance (which 
is 30 dB at O =- ±30°), Similar results for a e<)lored signal instead of the band­
limited Gaussian signal have been obtained [4:3]. The directivity pat,te:rn of 
the G.JBF-CN A is slightly degraded for a colored signal. However, the degra­
dation by the norm-constrained method is more serious. This fact shows that 
the GJBF-CNA exhibits robustness to the power spectmm of input signal 

D: 3000Hz 
E: SSOOHz 

so ao 

Fig. 5.10. Sensitivities after convergence as aftmction of DOA at different frequen­
cies. 

Frequency dependency of the direc-oivity patt«"..rn is shown in Fig. 5.10. 
In this figure, sensitivities to the frequency component of the target signal 
ate plotted.. Frequency dependency of t.ho G.JBF-CNA is small, and thus1 

the GJBF-CN A is suitable for broadband applications such as microphone 
arrays. The widths of the high-sensitivity regions a.re almost the same as the 
allowable targct~direction Qr:ror (-20" < (J < 20<>) and the sensitivity in the 
region is constant. 
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5 Robust Adaptive Beam.forming 101 

In the second simulation; sensitivities for different SIRs were investigated, 
The simulation wa-, performed with amplitude control that was similar to a 
realistic scenario. A target signal source generated a band~limited white Gaus­
sian signal for the first 501000 iterations and then stopped. This is a simple 
simulation of burst characteristics like speech. Another bandlimited white 
Gaussian signali which im:itat;es an interference like airconditioner noise, t>..x­

isted throughout the simulation. The Sm is defined as a power ratio of the 
two signals, The target signal source ,vas placed about 10° ofi' the assumed 
target DOA and the DOA of the interfering signal source was scanned, 

Figure 5.11 shows normalized output power after convergence as a func­
tion of interference DOA. Lines G and H have a sharp pea.k at fJ = 10°, which 
indicates that the target-signal at the output, of the BM is sufficiently mini­
mized for the overall robustness. The.reforn, when SfR is higher than ahout 
lOdB (which is low<.'¼r than a typical SIR value expected in teleconference) the 
interference is suppressed even if it arrives from a direction in the allowable 
tru·get DOA region. \Vhen the interference comes ftom outside the allowable 
target DOA region, even an SIR of O dB causes almost no problem in the 
GJBF-CNA. 

Finally, Fig. 5.12 shows the total output powers for various coefficient 
constraints with the CCAFs.. The signal. WM band.limited white Gaussian 
noise. The allowable target-direction errors a.re approximately 41 6, 9., 12, 16, 
and 20 degrees. These lines demonstrate that the allov.rable target-direction 
error can be specified by the user. 

5.5.2 Reverberant Environment 

Simulations with real sound data captured in a reverbcrant environment were 
also perfonmid. The data were recorded with a. broad-side linear array. Fbur 
omni-directional microphones without calibration were motmted on a univer­
sal printed circuit boru:d with an equal spacing of 4.1 cm. The signal of each 
microphone was bandlimited between 0.3 and 3.4 kHz and sampled at 8 kHz. 
The number of taps was 16 fo:r both the CCAFs and NGAFs. 

Figure 5.13 illustrates the arrangement for sound-da.ta acquisition. The 
target source wa..'i located in front of the array at a distance of 2.0 m. A white 
noise source was placed ab0t~t 0 = 45° off the target DOA at a distance of 
2.0 m. The reverberation time of the room WM about 0.3 second, which is 
common with actual small offices. All the pru:amcters exL-ept the step-sizes 
were the same as those in the previous subsection. The target source was an 
English male speech signal 

Objective Evaluation 

Output powers for the FBF, the GJBF [27] (GJBF'), and (;he nonn-constrained 
method [37] (Norm Constrained) a£tor convergence arc shown in Fig. 5.14. 
The step-size o for the CCAFs was 0,02 and f:J for the NCAFs wa,_q 0.004. 
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102 Hoshuyama an.d Sugiyama, 

:fig. 5.11. Normalized output power after convergence a.'3 a fundion of DOA with 
different SI&. 

Direction oi Arrival e (degree~] 

F.ig. 5.12, Normalfa-,ed 011tput power after convergence for different allowable target 
directions. 

These step-sizes \'1.-ere selected so th;~t breathing noise and cancellation of the 
target signal a.re sufficiently small subjectively. AU other parameters were 
selected based on the microphone arrangement. If there is any difference be­
tween trajectory A a.nd any of B, C, D, E1 or F when the voice is active 
(sample index from 1,720,000 to 1,740,000), the target signal corresponding 
to the trajectory is partiaJly ea;ncelled. The :FBF (B) causes almost no t;arget· 
signal cancellation. With the GJBF (C), cancella.tion of the target signal is 
aeriou.s. vVith the tho norm.constrained method (0)) and the G,JBF-CNA 
(E), the cancclla.tio:u of target signal was 2dB, which is subjectively small. 

The output powers during voice absence (after sample index: 1,760,000) 
indicate the interference-reduction ratio (IRR). The IRR of the FB:F is 3dB, 
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5 Rohust Adaptive Bea:mforntlng 103 

• :30 
1,600,000 

' .....,00 -· , ........... = ~ 
(Male Speech)= 

Interference 
~ (White Noise) 

2,0~ 30cm 

0 .Om - ~':: 
___.,. .... .,,,,.-.... 

/ --~ ~----·-- 4 Microphones 

Microphone Array 

Refle<1tion Board 

Fig. 5.13. Experimental set-up . 

1,700,000 1,720,000 1 ,14tMlOO i .760,000 

Sample Ind&• 

1,780,000 

Fig. 5.14. Output .Powers for a male speech sig1.1al. an.cl. whit(~ noise, 

and that of the norm-constrained method is 9(lB. On the othe.r hand~ with 
the GJBF-CNA (F), the IRR is as much a.q 19dB. 

Subjective Evaluation 

MOS evaltmtion by l() nonprofessional subjects was performed based on [4i}. 
As anchors, the slgnal recorded by a single microphone was used for grade 1 
and the original male spooch without interforence for grade 5. Subjects were 
instructed that target~signal cancellation should obtain a low score. 

Evaluation results are shown in Fig. 5.15. The thick horizontal line on 
each bar and the number on it repre._,;ent the score obtained by the corre­
sponding method. The vertical hatched box on each bar indicates ± one 
standard deviation. The FBP obtained L 7 'points because the number of 
microphones is so small that its IRR 11:l low. The G.JBF reduced the interfur-

-103-

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



104 lloshu.y.ama and Sugiyama 

5...-----

Single 
Mic. 

FBF GJBF Norm . Proposed 
COn$'irained 

Fig, 5,15, lvfoiu1 opinion score result.<;. 

enca considerably v.ith serious target. signal cru:icellat.ion, thus, it was scQrOO 
2.8 points. The nom1Nconstrained method was scored 2.6 points for its 9dB 
interforence-roouction mp.ability. The GJBF-CNA obtained 3.8 points, whk.h 
is the highest of all the bear.nformers. 

5.6 Hardware Evaluation of a Robust Adaptive 
Microphone Array 

5.6.l Implementation 

The GJBF-CNA was implemented on a portable and flexible DSP system 
shown in Fig. 5.16 [48,49}, The system comprises a microphone array and 
a compact t()ucll*panel personal comput€r whicli includes a floating point 
DSP, the ADSP~21062 [50]. Tlu.~ DSP contains a dual ou*chip 2<Nlbit SRAM 
and allows 32-bit IEEE floating-point computation. The sampling rate was 
software-programmed at 8 kHz. 

The DSP board has aPCI (Peripheral Component Inte.rconnect) interf.aee, 
therefore, it can be connected to the PCI bus of any personal comp11ter. A 
graphical interface has boon developed to facilitate ease..of-use and monitoring 
of the implemented GJBF-CNA. It provides interactive parameter selection 
and displays the input and the output signals powers a.q well as the filter 
coefficients. This graphical display is useful for demQnstratiug the behavior 
of the GJBF-CNA a:nd its perfonuance. The system is shown in Fig. 5.16 

5.6.2 Evaluation in a Real Environment 

The GJBF-CNA in Fig. 5.16 was evaluated using the same linear microphone 
array as in the previous section. The sek,cted step sizes were 0.02 for the ABM 
and 0.005 for the MC. The threshold r1 = 0.65 was used for the AMC. All 
other parameters wm:e the same as those in the previous section. 
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5 Robust Ad&J)tive Bl.'lti.mforming 105 

Fig. 5.16. H.eal-time DSP system. 

0 10 20 30 40 50 
Direction of Arrival [degrees] 

Fig. 5.17. Directivity patterns (i.e., the output powers normalized hy the power at 
the center) measurnd in 5-degree intervals. 
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106 Hoshu_yama and Sugiyama 

Directivity 

Dirnctivity for a single signal-source was measured. A white-noise source was 
sca.imed in two directions from ff' to 50° at a distance of 2.0 m from the 
arn..y. Output powers of the system were measured in 5-degree intervals, and 
c,om.pared with those of fl single microphone and an FBF (delay-and-sum 
beamformer). Figure 5.17 shows the output powers normalized by the power 
at the centl'-t. The figure indicates that the GJBF-CNA can. suppn:ss the 
int;etference at 0 = 3oe by as much as 15 dB when the allowable target DOA 
is set to ±20 degrees. 

Noise Reduction 

Noise reduction capability was evaluated in the same room as that for dime~ 
tivity evaluation. There were several computers with noisy fans. Tn addition, 
two noise-generating loudspeakers were located on both sides of the array. 
Stereo music or white noise was used as the noise signal. 

In the beginning, bn~athing noise due ·to adaptation was observed at al­
most every utterance. It disappeared in a second and caused almost no probw 
lem far conversation. Although the degree of noise reduction depends on the 
loudspeaker positions1 it was typically 8 to l dB. These results confum that 
the G,JB:F-CNA is a promising tedmique for voice corrununications. 

5.-7 Conclusion 

An overview of robust adaptiv-e beamforming techniques have been presented 
in this ehapt€1', with an emphasis on syste1:ns that ar~ robust to steering-vector 
errors. It has been shown that the G.IBF with the CCAF-NCAF structure 
and au AMC (G.TBF-CNA) is effective :in a real environment» Integrated 
systenrn with a microphone array, a noise cancel0,r, and an echo cance.let will 
pfoy a key role in foture acoustic noise and ed10 control devices. 
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8 Robust Localization in Reverberant Rooms 

Joseph H. DtBirum\ Harvey F. Silverman1, and Michael S. Brandstein2 

1 Brown University, Providenc.e RI1 USA 
2 .H.ai·wJ.rd University, Cambridge 1'.1IA, USA 

Abstract. Talker localization with micrnphone arrays has received significant at­
tention lately as. a means for the automated tracking of individua.111 in an e:ndo~ 
sure and as a necessary component of any generaJ purpose speech capture system. 
Several algorithmic approaches a.re a,vaila.ble for speech source locaH.zatkm with 
multi-du.u:.u.ml data. This cl.apter summari2.es the cummt field and comrnents on 
the general merits and shortcomings of ea<"li. gen.re. A new localization method is 
then presented in detail. By utilizing key features of (".xi.sting methods, this new 
algorithm is shov-"ll to he significantly more robust to a~xmstieal conditions, par~ 
ticularly reverlw.ration effects, than the traditional localization techniques in use 
today. 

8.1 Introduction 

The primary goal of a speech localization system is accuracy. In general, r,sw 
tima.te precision is dependent upon a number of factors. Major issues indude 
(1) the quant.ity and quality of microphones employed, (2) microphone place­
ment :relative to each other and the speech sources to be ,inalyzed, (3) the 
ambient noise and reverberation levels, and ( 4) the number of act;ixe sources 
and their spe!;tral content. The performance of localization techniques gen­
erally improves with the nuinber of microphones in the array, particularly 
when adverse acoustic effects are present. This has spa.vmed tho researrli 
and construction of large al'ray systems (e,g. 512 elements) [1]. However, 
when acoustic w:nditions are favorable and the microphones are positioned 
judiciously, source localization r,,1..n be performed adequately using a modest 
number (e.g. 4 elemt",nt.s) of microphones, Performance is clearly affected by 
the array goomotry. The optimal design of the array based on localization cri­
teria is typically dependent on the room layout, speaking scenarios, and the 
acoustic conditions [2]. In practke1 many of t;hese design consldera,tions are 
very dependent on the spt'(:ific application conditions, the hardware availw 
able, and non-scientific cost criteria. In an effort to make its applicability 
as general as possible, this chapter will focus primarily mt speech localiza­
tion effectiveness as a fonction of the acoustic degradations present, na1nely 
ba<'.kground noise and revt1rberations, rather tha.11 attempt to address more 
specific environmental seenat'ios. 

In addition to high accuracy, these location estima.t;es must. be updated 
frequently in order to be useful in practical tracking and beam.forming appU-
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cations. Consider the problem of beamforming to a moving speech source. It 
has been shown that for sources in dose proximity to the mkrophones, the 
array aiming location must be accurate to within a few centimeters to pre~ 
vent high-frequency rolloff in the receiv<'Xl signal [3J and to allow for eifeetJve 
channel equalization [4]. A practical beamformer must therefore be capable of 
induding a continuous and accurat,e location proct1dure witJ1in its algorithm. 
This requirement necessitates the use of a location estimator capable of fine 
resolution at a high update rate. Addit.ionaJly, any such estimator ·would have 
to be computationally non-demanding and possess a short processing latency 
to mah1 it practical for real-time systems. 

These fadors place tight constrai.uts on the microphone data require­
m011ts. \Vhile the computation time n:..,qulred by the algorithm largely de­
termines the latency of the locator, it is the data requirements that define 
theoretical limits. The work in [5], for example, focuses on reducing the size 
of the data segments necessary for accurate source localization in realistic 
rnom environments. 

The goal oft.his d1apter is to detail the issues associated ·with the problem 
of spooch source localization in reverberant and noisy rooms and to present 
an effective methodology for its solution. Whifo thtl focus will be the single­
som:ce scenario, the techniques described, in many cas1:is, are applicable to 
situations where several individuals are conversing. Tho more general prob­
lem of simultan.eous, multi-talkex localization is addressed. further in Cha1r 
ter 9. The following section contains a summary of the existing genres for 
speech source localization using microphone arrays and highlight.a their rel­
ative merits. It is followed in Section 8.3 by the development of a speech 
source localization algorithm designed s_pedficclly for reverberant enclosures 
which combines two of these general approache,s. Section 8.4 t,hen offers some 
experiment.al results and condusions. 

8.2 Source Localization Strategies 

Existing source localization procedures may be loosely divided into three 
g,·i:meral ca:tegorks: those based upon maximizing the steered respomm 
power (SR.P) of a b(>.amformer, techniques adopting high-resolution spec~ 
tral estimation concepts, and approaches employing time-differenc(~ of anival 
(TDOA) information. These broad classifications are delineated by their ap-­
plication environment and method of estlmatlcm. The first refers to any situ­
ation whf.re the location estima.te is derived directly from a filtered, weighted1 

and summed version of tfa~ signal data received at the sensors. The second 
will be used to term any localization scheme relying upon an application of 
the signal correlation matrix. The last category indudes procedures which 
calculate sour.cc locations from a set of delay estimates measured across var­
ious combinations of micropho!).e1l. 
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8 Robust Loca.liza.tion in Reverberant Rooms 159 

The first categorization applies to passive arrays for which the system in­
put is an acoustic signal produced by the source. The optimal Maximum 
Likelihood (ML) location estimator in this situation amounts to a focused 
bea;infi.1nner which steers the array to various locations and searches for a 
peak in output power, Termed fooolizat'ion, dt1rivd-tions of the optimality of 
the procedure and variations thereof are presented in [6-8}. Theoretical and 
practical variance bounds obtained via focaliza.tion a:re detailed in [6,7 ,9] and 
the steered~beamformer approoch has been extended t;o the case of multiplB­
signal sources in [1 OJ. 

The simplBSt type of steered response is obtained using the output of a 
delay~aml•·sum bea.ntlorm(:'.t. This is what is most often referred to as a cou­
ventionil beamform.er. Delay-and-sum beamfonners apply time shifts to the 
array signals to compensate for the propagation delays in the a,rrival of the 
source signal at each microphone. These signals are time,.aligned and summed 
together to form a single output signal. More sophisticatt>d beamformers ap­
ply filters to the array signals as well a.s this time alignment. The derivation 
of the filters in these filter-and--sum b(>,amforme,rs is what distinguishes one 
method frnm another, 

Beamforming has been used extensively fa spooch-an:ay applications for 
voice <:aptme. However, due to the e:ffidency and satisfactory performance 
of ot.her methods, .it has rarely been applied to the talk~.r localization proh­
lem.. The physical realization C>f the ML estimator requires the solution of 
a nonlinear optimization problem. The use of standard iteraUve optimiza­
tion methods, such as st.eepest descent a;nd Nmvton-Raphsou, for this pro­
cess was addressed by [10]. A shortcoming of each of these approaches is 
t.liat. the objective function t.o be minimized does not have a st,rong global 
peak an.d frequent.ly contains several local m&'Cima. As a result, this g,mre 
of efficient Search methods is often in.a.c<.,-urate and extrem€'1y sensitive to the 
initial search location. In [11] an optimization m.~ithod appropriat€ for a multi­
modal objective function, Stochastic Region Contraction (SRC), was applied 
spocifica.lly to the talker locali1,ation problem. vVhilo improving the robust­
ness of the location e.~tima.te1 the result.ing se,m:h method involved an order 
of magnitude mote evaluations of the objective ftmdion in comparison to 
the Jess robust Sf> . .arch teclmiques. OvcraH, the computational requirements of 
the focalization-based ML estimator, nar.nely the cmnple::dty of the oojective 
function itself as wen as the relative inefficiency of an appropriate optimiza~ 
tion procedure, prohibit its use in the majority of practical, real-time source 
locators, 

Furthermore, the steered response of a con:vontional beamformer is highly 
depmdent on the spectral c.ontent of the source signaL Ma.ny optimal deri~~.­
tions are based on a priori knmvledge of the spectral content of th(, back­
ground noise, as well as the source S%'1W [7,8], Int.he presence of significant 
reverberation, the noi.<Je and source signals are highly correlated, making ac~ 
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curate estimation of the noise infeasible. l:'u.rtl:wrmore, in nearly all arrny­
application.s, little or nothing is known about the source signal. Hence, such 
optimal estimators are not very practical In realistic spooch-array envi:nm­
ments. 

The practical shortc,omings of applying correlation-based localization es­
timation techniques without a great deal of intelligent pruning is typified by 
the system produced in [12]. In this work a sub-nptimal \>ersion of the ML 
st()('.ted-btlamforme.r estimator was adapted for the talker-location problem. 
A source loca.JJzatlon algodthm based on mul.ti-rate interpolation of the sum 
of cross~correlatfons of many microphone pairs was implemented in conjunc­
tion with a real-time beamformer, Ho,Hwer:, because of the computational 
requ.irem0,nts of the procedurer it was not possible to obta.in the accuracy 
and upda.te rate required for effective beamfo:nning in roal~tim<~ given the 
hardware available. 

8.2.2 High-Resofot.io:n Spectral~Estimation~Based Locato1:s 

This second categorization of location estimation techniques includes the 
modern beamforming methods adapted from the field of high-resolution spec­
tral analysis: autoregressive (AR) modeling, minimum variance (14V) spec­
tral estimation, and the va.riety of eigenanalysis-based techniques ( of which 
the popubu· IV!USIC algorithm is an example). Detailed summaries of these 
approaches may be found in [13,14]. While these apprnar.hes have success­
fully found thefr way into a variety of a.nay processing applications, they all 
possess certain restrktions i;hat have been found to Umit their eff ec:tiveness 
with t.he speO<'h.~sm.ttce localization problem addr€Ssed here. 

Each of these high-resolution process~,a is based upon the spatiospectral 
correlation matrix derived from the signals n~eived at the sensors. When ex­
act. knowledge of thls matrix is unknov;rn (which is most always the case), it 
must, be estimated from the observed data. This is done via ensemble averag­
ing 0£ the signals over an interval in which the sources and noise are assumed 
to be statistically stat.iouary and their estimation parameters (location in th.is 
case) are assumed to be fixed. For speech sources1 folfi.lling these conditions 
while allowing sufficient averaging can be ve.ry problematic in practice. 

With regard to the localization problem at hand, these methods were 
developed in the co11text of far-•field plane ·waves projecting onto a linear array. 
While the MV and MUSIC algorithms have been shown to be extendible to 
the case of general array gE,,ometries and nem:-field sources [15), the AR model 
and certain ci.g-eruml:llysis approaches are limited to the far~field, uniform 
linear array situatiou. 

With regard to the issue of com.putational expense, a search of the lo­
cation &'Ptu:e is required in each of these scenarios. \v11ile the computational 
complexity at each iteration is not as demanding as the case of the st-eered­
bcamformer, the objectJve space typically consists of sharp peaks. Thfa prop­
erty precludes the use of iteratively efficient optimization methods. The sit.~ 
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8 .Rob,1st Localization in Reve.rherant Rooms 161 

uation is compounded if a more complex. source model is adopted (incorpo­
rating source orientation or head radiator effects, for instance) in an efl'01't to 
improve algorithm performance. Additionally) it should be noted that these 
high-resolution methods are all designed for narrowband signals, They can 
be extended to wideba,nd signals, including speech) either through simple 
serial application of the narrowband methods or more sophistkated general­
izations of these approad1es, such as [16-18}. Either of the.<:e routes extends 
the computational requirements considerably. 

These algorithms tend to be significantly less robust to source and sen­
sor modeling errors than conventional beamforming methods [19,20]. The 
incorporat,ed rn.odcls typically assw:ne ideal source radiators, tmifonn sensor 
channel characteristics, and exact knowledge of the sensor positions, Such 
condit,ions ar~ impossible to obtain in real-world environments. While the senw 
sitivit,y ohhesc high-resolution methods to the modeling assumptions may be 
reduced, it is at the cost of performance. Additionally, signal coherence, such 
as tha;t crmted by the reverberation conditions of primary concern here, is 
detrimental to algorithmic p(;'rformance, particularly that or the eigeuanalysis 
approaches. This situation ma;y be improved via signal processing resources, 
but again at the coat of decreased resolution[21j. Primarily for these reasons, 
locallza.tfon methods based upon these high~resoh1tJon st;rategies will not con­
sidered further in this work. H:ov.>ever, this should not exclude t;heir judicious 
use in other speech localization contexts, particularly multi•source scen3rios. 

8.2.3 TDOAwBased Locators 

With this third localization strat,egy. a two•step procedure is adop1;e<l. Time 
delay estimation (TDE) of the sp,1eclt signals rela.tive 1-0 pairs of spatially 
separated microphones is perfom:wd. This data along with knowledge of the 
microphone positions are then used to generate hyp,1rbolic curves which are 
then intersected in some optimal sense to arrive a.t a source location estimate. 
A number of variations on thls principle have been developed, [22·-28] are 
e..>tamples, They differ considerably in the method of dt>...riva.t;ion~ the ext;ent 
of their applicability (2-D vs. 3-D, near source vs. distant source, etc,), and 
their means of solution. Primarily because of their computational practicaJit.y 
and reasonable performance under arnicable conditions, the bulk of passive 
talker loc:-,alization systems in use today arc TDOA-basetL 

Accurate and robust TDE, is the key to the effectiveness of local.i1,ers 
withh1 t,hia genre, 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 noise-alone case has been addressed at length 
and is well understood, Assuming uncorrelated, st-atfona.ry Gaussian signal 
and noise sourr-es ,vi.th known statistics and no multi~path, the ML time-delay 
estimate is dt.>xived from a SNR-wcighted version of the Genel'alized Cross­
Correlation (GCC) function [29]. An NfL-type weighting appropriate for non­
stationary speech sources was· presented in [30] and applied successfully to 
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162 DiBiasc et al. 

spooc,h source localization in low-multipath environments [31]. However, once 
room reverbet,ttions rise above minimal levels, these methods begin to e.x• 
hibit dramatic performance degradations and become unreliable [32,33]. A 
ha.sic approach to dealing with multi-path d1annel distort.ions in this con­
text has been to make the GCC function mrlre robust by det>.mphasizing the 
frequency-dependent weightings. The Phase Transform (PRAT) [29] is one 
extreme of this procedure which has received considerable attention recently 
as tJw basis of spfmch soun:;e Io,,alization systerns [34----36]. By pladng equal 
emphasis on each component of the cross-spectrum phase, the resulting peak 
1n the GCC-PHAT function corresponds to the dominant delay in the rever­
berated signal. While effective at reducing some of the degra.da.tions due to 
multi-path, the Phase 'l):ansform a.<.:centuat;es c.omponents of the spect;rum 
,vith poor SNR and has the potential to provide poor :results1 particularly 
under low reverberation, high noise eonditiorIB. 

Oth!:'.r approaches for TDE of talkers in ad.verse environments are avail­
able. A procedure which utilizes a speech specifo;; criterion in the design of 
the GCC weighting fu:r:Ki:.ion is presented in [37]. Cepstral prefiltering [38] has 
boon used to deconvolve the effect,s of reverberation prior to applying GCC. 
How-ever, deconvolution requires long da.t,a, segments since the duration of 
a typk.al. small-room impulse response is 200-400 ms. It; is also very sensi­
tive to tJle high variability and non-statfon,-•11.'ity of speech signals. In fact, 
the experiments performed in [38] avoided t.he use of spood1 a.s input alto­
gether. Instead, colored Gaussian noise was used as the source signal \-Vhile 
identification of room impulse responses is e::,,,'tremcly problematic whi:m the 
source signal is unknown, the method proposed in [24], which is based on 
0lgenvalue decomposition, effidf'..ntly detects the direct path.'> of the two im­
pulse responses. This method is effective with speech as input, but requires 
250 r.ns of microphone data to converg;e. A short-time TDE method, which 
is more complex than GCC, is presented in [33]. It involves the rninimiza­
tion of a weighted least,--squares nmction of the phase data. It was shown 
to outperform both GCC-ML and GCG-PHAT in reverberant conditions. 
However, this improvement comes at the cost of a complica.te<l searching aJ­
gorit}1m. The marginal improvement over GCC--PIIAT :rnay not justify this 
added cost in computational compfox:it.y. Reverberation efiects can also be 
ove:rcorrw to some degree by classifying TDE's aequired over time and as­
sociating them with the direction of arrival (DOA} of the sound waves [39]. 
This approach, however, is not suitable fo:r shortrtime TDE. Undt>x extreme 
&',Oustic conditions, a la.rge percentage of the TDE's are anomalous, audit 
takes a considerable period (1-2 sin [39]) to acquire enough f'-Stima,fa,.., for a 
statistically meaningful classification. 

Among the methods sumn:1ariz-ed above, those tha.t rely on long data seg­
m!',nts generally outperform those that do not. This result may b<1 attributed 
to t,he ensemble averaging performed under these conditions to improve the 
quality of the undP.rlying signal statistics. However, the dynamic environ-
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8 Robust Localization in Reve1'berant Rooms 163 

ments of many speech array applications require high update rates, which 
limit the duration of the data segments used for analysis. For fnmrnpki, the 
automatic camera steering video-confexendng system detailed in [34} utilizes 
a TDOA-based method with GCC-PHAT TDE applied (it, updttte rates of 
200<!00 ms. Wit,h such long data. segments, reliable estimates al'e produeed1 

even in rnoderately adverse acoustic conditions. However, applications sud1 
as adaptive beamforming and the tracking of multiple talkers using a TDOA­
bascd localizer require a;n appreciably higher estimate rate; so1.u:ce positions 
must be acquired from indept1ndent data segments as short as 20--30 rns. Over 
sucl:i limited durations1 the lac.k of ensemble a:v0xaging ha.<; a severe impact 
on the ~rformance of the TDK 

Given a set of TDOA figures with known error statistics, the second step 
of obtaining the ML location estimate necessitates ·solving a set of nonlinear 
e,quatfons. The calculation of this result is considerably less computa.tiomilly 
cxpmisive than that required for estimators belonging to the two previously 
discussed gonres. There is an extensiV(l dass of sub-optimal, closed-form loca­
tion estimators. designed to approximate the exact solution to the nonlinear 
problem. These techniques are computationally undemanding and; in many 
cases, suffer little detriment in performance relative to their more compntn­
int(',nsive counterparts. [22,25---28:10141] are typical of these methods. lli1-
gardless of thE' solution method employed, this third dass of location esti­
ma.tion t.edmiques possesse.1, a significant computational adv,mtage over the 
stoorcd-beamformer or hig1Hesolution spectraJ--estimatfon based approaches, 

TDOA-base<l Iocat-0rs do preStmt several disadvantages when used as the 
basis of a general localization scheme. Their primary limitation is the inability 
to at'.commo<late multi-source scenarios. Th(~e algorithms assume a si11gle­
source model, While TDOA.-ba.sed methods with short analysis intervals may 
b<1 used to trnck several individuals h1 a conversationa1 situation [3l,ti2], 
the presence of multiple simultaneous talkers, excessive a:rnbient noise1 or 
moderate to high reverberation lev<~ls in the acoustic field typically mmlts 
in poor TDOA figures and suhs1~quently, unreliable location fL-ws. A TDOA­
based locator operating in such an environment would require a means for 
evaluating the validity tmd accuracy of the delay and location estimates. 
These shortcomings may be overcome to some degree through judicious use 
of appropriate detection methods at each stage in the process {31]. 

vVhile pradical, the application of TDOA-bast~d localization procedures 
is of limited utility in realistic, acoustic environments. Stecred-Bearnform<~r 
strategies are computationally morn intensivc1 but tend to possess a robust­
ness advantage and require a shorter analysis inter-val. The two-stage pro­
cess requiring time-delay estimation prior to the actual location evaluation is 
suboptimal. The interr.o.ediate signal parameteriz.ation accomplished by the 
TDOA estimation procedure represents a signiiican:t data. reduct.ion at the 
expense of a decrease in theoretical. localizatfon performance. H.owever, in 
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real situations the perfo1mance advantage inherent in the optimal steered­
bmunformer <..'Stima,(;or is lessened because of incorupk>te knowledge of the 
signal and noise spectral content as well a.s unrealistic stationarity assump­
tions. 

With these relative advantages and shortcomings in mind, a new loc.aJ .. 
iza,t,ion method, which combines tJm best features of the steered*beamformer 
with those of the Phase T:ransforrn weighting of the GCC1 WM introduced 
in [5]. The goal "'"<IB to exploit the inherent robustness and short-time anal­
ysis characteristics of the steered response power approad1 with the insen­
sitivity to signal conditions afforded by tho Phase TraJ1sform. This new al~ 
gorithm1 termed SRP-PHAT, wiH be detailed in the following section and 
will be shown to produce highly mliable location estimates in rooms with 
reverberation times up to 200 ms1 using independent 25 mi.s data segments. 

8.3 A Robust Localization Algorithm 

Before de.scribing the SRP-PHAT algorithm: it will be necessa.ry to develop 
further a number of topics addressed in the prior sect;ion, Specifically, the 
following subsections will provide details of the impulse response model, the 
GCC a.nd its PHAT implement.a.tion, 1\!L TDOA-base<l localization, and the 
computation of the SRP, 'l'huse items will then be tk.-<l together in the final 
subsection t;o motivate and define the SRP-PHAT algorithm. 

8.3.1 ~!'he 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 he modeled as linear systems [44J. This is clearly 
advantageous to the analysis and modE>Jing of the signals produced by the mi•­
crophones of an a!'ray, Such linear models are val.id u:nde:r the realistic condi­
tions encountered in small-room spooch.-a.rmy e:nvironments and are regularly 
exploited by array-processing tedmiqut:.s [13]. 

In the presm1ce of sound-reflecting surfaces, the sound waves produced 
by a single source propagate along multiple acoustic paths. This give.s rise 
to the familiar effects of reverberation; sounds reflect off objects and pro­
duce echoes. The walls nf most rooms are reflective enough to create sig­
nificant; reverberation. \Vhile it, is not always noticeable to the occupants, 
even mild reverberation c.au severely impact the performance of speech-array 
systems. Hence, multi-path propagation must be incorpotatt'..'<i into the signal--­
processing model. 

The wave field at a particular location inside a reverberant; room may be 
considered to be linearly related t,o the source signal, s(t). Let the 3-eloment 
vectors, Pr, and <Jin define the Cartesian coordinates of the nth microphone 

-164-

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



8 Robust Localization in Reverberant Rooms 165 

and the source, respectively. The t'<Jceived signal at the nth microphone may 
now be e.xpressed as 

The overall impulse response, hn(q11, t), is the result of cascadint; two m~ 
ters: the room impulse response and th<~ microphone channel response, The 
former chaa.·acteri7ses all acoustic paths betw(.,en the source and microphone 
locations, including the direct path, It is a function of Pn as wdl a,5 the 
source location, qs, and is highly dependent on these pa;rameters. In general, 
the room impulse response is affectt-'d by environmental conditions, such as 
te:rnpetature and humidity, It also varies with the :movement of furniture and 
individuals inside the room. While such variations are sig:nificaut., it is reason­
able to a.ssurnB that these factors remain constant. over short periods. Hence, 
a room impulse response may b<? considered time-invariant for short periods 
when the source a.nd microphone am spatially fixed. The microphone chan­
nel response accounts for the electrical, mechanical and acoustical properties 
of the microphone system. In genf'xal, the mic:rnphone's directivity pattern 
:makes its response a. function of its orientation as well as its spatial place­
ment relative to the source. The additive term, v.,.(t), is the result of channel 
noise in the microphone system and any propagating ambient noise such as 

• that due to fans or other mechanical equipment. The propagating noise is 
usually more significant than the channel noise and tends to dominate this 
term. Generally; ttn(t) is assumed to be uncorrelated with s(t). 

Figure 8,1 illustrates a, dose~up view of the response that ,,,,as :measured in 
a typical conference room. The direct-pa.th component and some of the strong 
reflected components are highlighted in this plot. The peaks corresponding 
to the reJlec.ted sound waves are comparable in size to the direct-path peak, 
These peaks, which occur within 20 rns of t,he direct-path, a.re responsible for 
many of tho erroneous results produced by short-time TDE's1 which operate 
on data blocks as small as 25 ms. The large secondary peaks in the room 
response are highly correlated with the false peaks in the GCC function [5]. 

The pm-pose of TUE is to evalunte the temporal disparity between the 
direct-path components in the tvm received microphone signals. To this end, 
it will be useful to rewrite the impulse response specifically in terms of its 
direct-path component. Equation 8.1 is modified to: 

Zn(t)::::: ];_s(t - 7,i) k fJn(llsr t) + 'Un(t) 
rn 

(8.2) 

where rn. is the source~microphone separation distance, Tn is the direct; path 
time delay, and r1n(CJ.~·i t) is the modified impulse response which encompasses 
thti original response minus the direct path component. The microphone sig­
nal. model is now expressed explicitly in terms of the paramet,er of interest, 
namely the time delay, rn. 
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166 DiBiase et al. 

~A).!?;L--~-~-·······~······ ..... , ...... ,,.__ _ _.__~ __ ~_~ _ __c, _ __, 
1a rn ~o 21 2~ is 2.; 26 27 28 

11me (ms} 

Fig. 8.,1. A doStHlp of a 10-millioocond segment; of a room impulse response mea­
·sured in a typical oonf'l'xence room. The direct-pa.th component an.d some i.:.'trong 
reflected compo.uent.s are highlighted, 

8.3,2 The GCC and PHAT Weighting Function 

For a pair of microphones; n = 1, 21 their associated TDOA, r;2, is defined >hi 
as 

Applying this definition to their associated received microphone signal 
models yields 

X1(t) = .!.:.s(t-r1)·x91(t1s,t)+111(t) 
r1 

x2(t) = .!.:.s(t - r1 - 112) * g2(qs, t) + v2(t:). (8.4) 
r2 

If the modified impulse responses for the microphone pair are similar, 
then (8A) shows that a scaled version of s(t - -r:1) is present in the signaJ 
from microphoM 1 and a t:lrne-shi:fted (and sealed) version of s(t - r1) is 
present in the signal from microphone 2. The cross~conelation o:f the two 
signals should shovr a peak at tho time fag where the shifted versions of s(t) 
align1 corresponding to the TDOA, r12 . Tho cross correlation of signals and 
is defined as: 
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8 Robust Localization in R(I1tm:berant Rooms 167 

The GCC function, R12(r), is defined as the cross conelation of two fil­
tered versions of x1(t) and x2(t) [29]. With the Fburier transforms of these 
filters denoted by G1 (w) and G2(,..i), rcspe,etively, tho GCC function can be 
expressed in terms of the Fourier transfomrn of the microphone signals 

(8.6) 

Rearranging the order of the signals and filters and defining the frequen.cy 
dependent weighting function, !P1 2 S'i: Ot(w)G2(w)*, t.he GCC function can 
be e:xpresse,d as 

(8.7) 

Ideally, R12 ( r) will. exhibit a.11 <➔xplidt global maximum at the lag value 
which corresponds to the relative delay. The TDOA estimate is caJculatcd 
from 

f-1.2 = a.rgmax R12(r), 
rE.D 

(8.8) 

The range of potential TDOA v-ctlues is restrict,.,,d to a finite interval, D 1 which 
i.s determined hy t.lm physical separation between the microphones. In biunera.l, 
R12(r) will have multiple local maxima which may obscure the tme TDOA 
peak and subsequently, produce an incorrect estimate. The amplitudes and 
corresponding time lags of these erroneous maxima depend on a number of 
factors, typically ambient noise level<; and reverberation conditions. 

Tlw goal of the ·weighting function, !P12, is to emphasize the GCC value 
at the true TDOA value ove.r the undesired local extrema .. A number of sndi 
functimi:s h,we been investigated. As previously stat+xl, for realsitic acoustical 
conditions the PHAT weighting [29] defim>,d by 

has been fmmd to perform cousid<~rably better than its cmmterparts designed 
to be statistkally optimal under specific non-reverberant,, noise conditions. 
The PHAT weighting whitens the microphone signals to equally ernphasize 
all frequendes. The utility of this strategy and its extension to steered­
beam.forming form the basis of the SRP-PHAT algorithm that, follows. 

8.3.3 ML T:OOA-Based Source Localhlation 

Considar the i'u1 pair of microphones with spatial coordinates denoted by the 
3-eiement vectors, J>,,1 and Pt2, resp(,'Ctivdy. For a signal source with kn.own 
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168 DiBiase et aL 

spatial lo<:ation; q,., the true TDOA rele,tive to the ith sensor pair will be 
denoted by T({Pil,Pi2},ql!)i and is calculated from the expression 

T({Pn,Ptz},c1s) = lq.,, - Pi2I- lq,, -Pi1I 
C 

(8.10) 

where c is the speed of' sound in air. The estimate of this troe TDOA, the 
result of a TDE procedure involving the signals received at t.he two micro­
phones, will be given by Ti. In practice, the TDOA oot.imate is a corrupted 
version of the true TDOA and in gm1eral, fi ¥- T({pn,Pi2h q,,). 

For a single microphone pair and its TDOA estimate, t.he locUB of potential 
source locations in 3-space which. satisfy (8-10) corresponds to one-half of a 
hyperboloid of two sheets. This hyperboloid is centered about the midpoint 
oft.he microphones and has Pi-z - Pit as its ax.is of symmetry. 

For sources with a large source-range to microphone-separation ra.tio, the 
hyperboloid may be well-approximated by a cone with a constant. direction 
angle relative to the ax.is of symmetry, The corresponding estimated direction 
angle, ft for the microphone pair is given by: 

{h = coo-1 ( lmi; ~f~2!) (8,11) 

Int.his manner t3ach microphone pair and TDOA estimate combination may 
be associat;ed wit,h a single parameter which specifies the angle of the cone 
relaHve to the sensor pair aJCis. For a given source and TDOA estimate1 iii is 
referred to as the DOA relative to the ith pair of mk.:tophones. 

Given a st:,1 of M TDOA estimates derived from the signals rocclved a;t 
multiple pairs of microphones, the problem remains as how to best estimate 
the true source location, q11 • Ideally, the estimate will be an element of the 
inter!i,oct,ion of all the pot.ential source loci. In practice, however, for more 
than two pairs of sensors this intersection is, in general, the empty set. This 
disparity is due in part M imprecision in the knowledge of system para.me­
ters (TDOA f'....<itimate and senror location measurement errors) and in part to 
unrealistic modeling a..'lSumptions (point source radiator, ideal medium, idea.I 
sensor characteristics, et.c.). With no ideal solution availahlf\ the source loca­
ticin. must be estimatt~d as the point in space which best fits the sensor-TDOA 
data or more specifically, minimizes an error crit;erion that is a function of the 
given data and a hypothesized source location. If the time-delay e&'timates at 
ea<'.h microphone pair are assumed to be independently corrupted by zero­
mean additive white Ga:ussian :noise of equal variance then the ML location 
<>..stima.te can be shown to he the position which minimizes the least squares 
error criterion 

,Al 

E(q) = 1:(ri -T({Pn,Pr2},q)fl. 
/;,;:I 

(8.12) 
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8 Robust Localization in Reve.rberant Rooms 169 

The location estimate is then found from 

?J,, = argmin E(q), ., 
Th1;, criterion in (8.12) will he referred to as the LS-TDOA error. As stated 
earlier, the evaluation of q 8 in this manner involves the opHmization o.f a 
non-linear functkm and necessitates the use of seareJ:i met.hods. Closed-form 
approximations to this method were give.n earlier. 

8.3A SRP~Based Source Localization 

The microphone signal model in (8.2) shows that for an array of 1V mi­
crophonQS in the rect1ption n1gion of a source, a dfllayed; filtered, and noise 
corrupted version of the source signal1 s(t), is prostmt in each of the received 
microphone signals, The delay-and-sum beamformcr time aligns and sums Ur 
gether the Xn(t), in an effort to preserve unmodified the signal from a given 
spatial location while attenuating to some degree the noise and convolutional 
components. It is de.fined as simply as 

N 

y(t,qa) = LXn(t+Lln) (8,14) 
n:::::1 

where Lln are the steering delays appropriate for focll.8ing the array to the 
source spatial location, <ls, and compensating for the direct pa.th propagation 
delay associated v,ith the desired signal at each microphone. In practice, the 
delays relative t,o a reference microphone are used instead of tho absolute 
delays. This makes all shifting ope.rations causal, which is a requirement of 
any practical system, and implies that y(t,q,,) will contain a.n overall delayed 
version of the desired signal which in practice is not detrimental. The use 
of a. single reference microphone means that t.he steering delays may be de­
termined directly from the TDOA's (estimated or tl:u:,'◊retical) between each 
microphone and tho refenmce. This implies that lmowledgti of the TDOA's 
alone is sufficient for steering the beamformer without an explicit source lo­
cation. 

In the most ideal case with no additive noise and channel effects, the 
output of the de.a.I-and-sum beamformer represents a scaled and potentially 
delayed version of the desired signal. For the limited case of additive, uncor­
rela.t.ed, and uniform varLance noise and equal source-:microphone distances 
this simple heamformer is opt,imaL These are certa.inly very r~.st.rictive condi­
tfons. In practice, convolutional charmel effects are nontrivial and the additive 
noise ilS more complicated. The degree to which these noise and rev<>xb<>ration 
compom~nts of the microphone signals are suppressed by the delay-and-sum 
beamformer is freque.nt.ly minimal and difficult to analyzt1. Other methods 
have been developed t-0 extend the delay-and-sum concept to t.hc more general 
filter-and-sum approach, whkh applies adaptive filtering to the microphone 
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170 DiBiase et oJ 

signals before they are timettaligned and summ(ld. Again, these methods t.md 
to not be robust to non-theoretical conditions, particularly with regard to 
t.he channel effects. 

The output of an N-efoment., filter-a.nd-sum beamformer can be defined 
in the :frequency domain as 

N 

'Y({..;,q) = L Gn(1.,,,1)X11(w)ejw.4,, (8.15) 

whE>se X,i(w) and Gn(41) an:- the Fourier Transforms of the nth microphone 
signal and its a.ssociated filter, respectively. The mkxophone signals are phase­
aligned by the stooring dclays appropriate for the source location, q. This is 
equivalent to the time-domain beam.former version. The addition of micro­
phone and frequency-dependent filtering allows for some means to compen­
sate for the environmental and dmrmel effects. Choosing the appropriate 
filters depends on a numbnr of factors1 including the nature of the source 
signal and tho type of noise and reverberations present. As will be se1:>n> th<➔ 
strategy used by the PHAT of weighing each ft€qu0J1cy component equally 
will pr(1ve advantageous for practical situations where the ideal filters are 
unobtainable. 

The hea.rnformer may be used as a means for source localization by steer­
ing the array to specific spatial points of interest in some fashion and eva.lu-· 
a.ting the output signaJ, typically its power. When the focus corresponds to 
the location ofthe sound source~ the SR.P should reach a global maximum. In 
prn.ctice, pe.aks are prod need at a number of incorrect locations as well. These 
may be due to strong reflective sourc,1s or merely a byproduct of the array 
geometry and signal conditions. In some cases, these extiraneous maxi.ma iI1 
the SRP space tnay obscure the true location and in any case, complicate the 
search for the global peak. The SRP for a. potential source location can be 
expressed as the output power of a filter-and-sum bea:mformer by 

and location estima,te is fo11nd from 

q6 = argrnax P(q). 
q 

SJUi The SRP-PHAT Algorithm 

(8.16) 

(8.17) 

Give..:rt. this hackgmund, the SRP-PHAT algorithm may now he donned. With 
respect to GCC-based TDE, the PHAT ,veigbting has been found to provide 
an enhanced robustnoss iu low to moderate reverberation conditions. '\V11ile 
improving the quality of the underlying delay estimates, it is still not sufficient 
to render TDOA-based localization effective ·under more adverse conditions. 
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8 Rohust LocaJi,zatkm in ·.aeverberant Rooms 171 

The delay-and-sum SR.P approa.ch requires shorter analysis int~,rvals and ex­
hibits an elevated insensitivity to environmental conditions, though again, 
not to a degree that. allows for their use. under excossi ve multi-path. The 
filtm>and-sum version of t.he SRP adds flexibility hut the design of the filters 
is typically geared towards optimizing SNR in noise-only conditions and is 
excessively dependent on knowledge of the signal and channel confR,nt. Orig­
inally introduced in [5), th(i goal of the SRP-PHAT aJgorithm is to combine 
the advantages of the steered beamforme:r for source localization with the 
signal and condition independent rohustMss offered by the PHAT weighting. 

The SRP of the filter-and-sum beam.former can be expressed as 

{8.18) 

where Wu,(w) = Gi(w)Gi(w) is analogous to the two-channel GCC weighting 
term in (8.7). The corresponding multi-channel version of the PHAT weight­
ing is given by 

1 
Wik(w)::::: !X ( ) v,i, "" 'I 

l W,Ak\WJ 

(8.19) 

·which in the conte>..'t of the filter-and-sum beamformcr (8.15) is equivalent to 
the use of tl1e individual channel filters 

. ) 1 G,i(v.' :::.o I . • 
1X,1-(w)I 

(8.20) 

These are the desired SRP-PfIAT filt<>..rs. They may be imple.rnented from 
the frequency-domain expression above. Alte.rnatively, it may be shown that 
(8.18) is equivafont to the sum of the GCC\s of all possible N-choose-2 micro­
phone pairings. This means that the SRP of a 2-element array is equivalent 
to the GCC of those two microphones. Hem,:c1 as the number of microphones 
is focrea,<Jed, SRP naturally extends the GCC method from a pairwise to a 
multi-microphone technique. Denoting Ru,(r) as the PHAT-wcighted GCC 
of the lth and k1'h microphone sig11als, a time-domain version of SRP-PHAT 
functional can now he expressed as 

N N 

P(q) = 211" LLRtk(A1t - Al). (8.21) 
hd k=l 

This is the sum oi a.1.1 possible pairwise GCG permutations which are tirne­
shifttm. by the differences in the stee:ring delays. Includ\1d in this summation 
is the sum of the N autocorrelations:, which is the GOO evaluated at a lag of 
z!:'.ro. These terms contribute only a DC offset to the st,eered response powe-..r 
since they are independent of t.he steering dela:ys. 

Given either met.hod of eo_mpntation, SRP-PHAT localization is pe-x­
formed in a manner similar to the standard SRP-based approaches. Nrunely1 
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172 DiBiase et al. 

Y(m) 

Fig. 8,2. Conference room layout. 

P(q) is ma.,zj.mized over a region of potential source locations. As will be 
shown in the next section1 relative to the search space indicative of the stan­
dard SRP approach) the SRP-PHAT functional significantly deemphasizes 
extraneous peaks and dramatically sharpens the resoluti<m of the true peak. 
These desirable features result in a decreat1ed sensitivity to noise and rever­
berations and more precise location estimates than the en<;ting localization 
methods offer. Additionally, this is achieved using a very short analysis in­
terval. 

8.4 Experim.ental Comparison 

VVhi1e more extensive results are available in [5], an experiment is offered 
hei:e t.o evaluatt1 and co:rnpa.re the relative character:lstk.s and performance 
of three different source locators: SIU\ SRP-PHAT and ML~TDOA. Five 
second recordings were made for three source locations in a 7 by 4 by 3 m 
conference room at Brown University using a. 15-element microphone array. 
Figure 8.2 illustrates the room layout. Pt!';i.i·ecorded speech, which was ac­
quired using a doserta1king microphone, was played through a loudspeaker 
while simultaneously recording the signals from the array, The use of the 
foud,'lpeaker was preforablc to an actual talker since the loudspeaker could 
be precisely located and would be fi.-x:ed ovei: t.he duration of the :recordings, 
The talkers were ma.le.s uttering a unique string of alpha-digits. Source 1 was 
ruost distant from the array and was positioned at standing height in front 
of a white-board. The other two sources wel'e positioned at a seated level 

)'.::r~~::,;: 
-.··(\(} 
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8 Robust Localiza.tion in Reverberant Rooms 173 

around a conference table, which was located approximately in tJw center of 
the room. 

The microphone array was composed of eight omni-directional electret 
condenser microphones1 whkh were randomly distributed on a plane within 
a. .33 by 0,36 rn rectangle. The microphones were attaehcd to a. rectangular 
sheet of acoustlc foam:, which was supportE,,d by an aluminum frame. This 
frame was mount;ed on a tripod that w-as placed parallel to the back wall at a 
distance of 0.9 m. The acoustic foam damps some of the multi~path reflections 
from t.lus wall and isolates the microphones from vibrations traveling along 
the mountings. 

The loudspeaker faced the array and the volume level. was adjusted at. each 
loca.tion to ma"<imiie SNR conditions. SNR levels at each microphone aver­
aged about 25 dB for the three source locations. Source 3, with its location 
the closest to the microphone arra:,\ had SNRs as high as 36 dB. With such 
high SNRs, all microphones sig11als in t.he conference room dataset have min-­
imal contributions from the background noise, which was primarily produced 
by the fons inside the computer equipment. 

The mea,~11red reverberation time of the room was det<1rmined to be 
200 ms. This qualifies as a mildly reverberant room. However, the nBal'~<:md 
peaks in the impulse respons<>,a (as in Figm·e 8.1) combinod with a 200 ms 
reverberation time do, in f:act.1 have a significant impact. on localization. This 
will be demonstratt:!d hy the following performance comparisons. 

Given the size of t,hc array aperture relative to the source ranges1 all three 
talkers can be considered to He in the far field o( array, Under such conditions, 
range ~stimates are ambiguous, and only the azin1uth and elevation angles 
can be esUma,ted reliably. Accordingly, this oxperim1:mt wiil focus on DOA 
measures as opposed to 3-D Cartesian coordinates. Results obtained with 
more extensive arrays and near-field sources are available in (5J. 

The rncorded data was segmented into 25 ms frames using: a half­
overlapping Hanning v..111dow. S:NR-based speech detection was performed 
for each frame. All frames where any of the eight mit,TOphone channels had 
SNR within l2dB of the background noise were eliminated. Out of the 399 
frames per recording, 313, 340, and 297 -w~re .retained for sources 112, and 
8, re . .:;pectively. The DONs of the sources were estimated by minimization 
of the LS-TDOA error and maximization of SRP and SRP-PHAT eV'<lluated 
over azimuth and efovatio11 relative t.o the array's origin. The :frequency range 
used to compute both the steered responses and the GCC's was 300 Hz. to 
8 kHz, These functions were computed over a range of -oif to +60° for both 
azimuth and elev,ttion with a 0.1° resolution. 

By taking all possible combinations, 28 microphone pairs were formed us­
ing the 8-clement army. Hence, for each data frame, 28 TDOA e,stimates were 
made for ead1 of the t;ln:oo speech recordtngs using GCC-PHAT. Figure S.3 
illustrates the LS-TDOA error as a function. of azimuth and elevation for a. 
segm(',nt of nine suct:oosive frames recorded for source 1. The white point in 
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174 DiBiase et al. 

HJO 200 ?.50 aao 
Bk.Y:k-lim11 (ms) 

100.1ms 112.6ms 125.1ms 

137.Sms 150.lms 162.6ms 

175.lms 187.6ms 200.1ms 

-60 60 -60 60 

0 9 

Fig. 8.3. Speech segment (top) with nine frames of the LS-TDOA error surfaces. 

ead1 contour plot marks the true DOA. The dark area in the center of the 
images represents the minima of the LS-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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100.1ms 112.6ms 125.1ms 

--60 

137.6ms 150.lms 162.6ms 

175.1ms 187.6ms 200.1ms 

--60 60 -60 60 
8 0 0 

1''ig. 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 e.rroneous 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 a:nd 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 emphasize the max­
ima. The plots of the delay-and-sum beam.former 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 bearnformer is broad and fluctuates considerably over the du­
ration of the speech segment. As a result, marry inaccurate location estimates 
are produced by this method. In contrast to the LS-TDOA and SR.P cases, 
the peaks of SRP-PHAT plots in Figure 8.5 match the actual DOA almost 
exactly. The main beam of the PRAT bearnformer is sharp and consistent 
over each frame. This produces contour images which appear quite different 
from t.he LS-TDOA and SR.P versions. The PHAT filters, when applied to 
the filter-and-sum beam.former, yield an error space that is superior to that of 
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Fig. 8,5, SRP-PHAT response over nine, 25 ms frames. 

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

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

(8.22) 

where <fa and 0 are the true azimuth and elevation angles and ¢ and 0 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 t.he 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 l had error greater than 10° while 50% 
percent from source 2 and 15% percent from source 3 had error greater 10°. 
In contrast, 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 l had errors less than 4". 
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Fig. 8.6. Localizer DOA error rates fol' three different sources. 

The results of this limited experim.e.nt illustrate the performance advan­
tages of th-e SRP-PH.AT IocaHzer relative ·to more traditional approat:'hes for 
talker localz.a:tion with microphone arrays. Other experiments conducted un­
der more gonm:al and adverse conditions are consistt>,nt with the results here 
and serve t;o confirm the utility of combining st.eexed-bearnforming and a 
uniform,..magnitude spectral weighting for this purpose. 

VVhilc the TDOA-based localization method pcr.formnd satisfactorily for 
a. talker relatively close to t,he array, it was severely impacted by even the 
mild reverbt~ration levels encountered when the source was more distant. This 
result is due to the fa.ct that. signa14o-reverberation ratios der,rease with in­
crnasing source-to--microphone distance. Ai,<, the reverheratfon component of 
tht1 received signal increases relative to the direct path component, the valid­
ity of the single-source model inherent in t.he TDE development is no longer 
V'Mi<l. As a result TDOA-based schemes rapidly exhibit poor performance 
as the talker mows away from the mkt<>phones. The SRP-PHAT algorithm 
is relatively insemiitive to this effect, As the results here suggest the pro~ 
posed algodtfan exhibits no marked perfom:muce degradation from the near. 
to distant source conditions tested. 

The SRP-PHAT algorithm is computationally m.ore. demanding than the 
'rDOA-basoo localization methods. However, its significantJy superior pcrfor-
1:na.nce may easily warrant the additional processing expense. Additionally1 
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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 oouefit. 
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9 Multi-Source Localization Strategies 

Elio D. Di Claudio and Raffaele Parisi 

INFOCOM Dept., University of R,ome "l,a Sapienza", R.ome, Italy 

Ab$tract. Localization of multiple acoustic soun!"~" is an important ta.,;k in many 
practical applications. Howe~,~, in most cases adopted models are not fully ade­
quate to d(mcribe real scenarios. In particular, in the presence of reverberation, the 
signal model should expiidtJy take into account bQth signals radiated by multiple 
sources and refieetiooo. In alternative to Ceneral.i1,ed Cross-Correlation methods, 
array p:roce1>si11g concepts can bti di'ectively applfod to multi-som:cc localization in 
reverberant environments. In this chapt.er, main features and limitations of wide­
band array processing approaches are hriefiy :reviewed. Furthermore, a new inte­
grat.ed localizatim1 and classification system, bawd on. a robust frequency-domain 
Time Delay Of Arrival (TDOA) estimation followed by a spatial dust('..ring ofra.w lo­
cation estimates, is prell('..nted. The proposed method efficiently incorporates TDOA 
and an-ay processing con,;epts in an unified approach. Results on simulated data 
are supplied, 

9.l. Introduction 

Many praLi:ical applications rely on microphone arrays to localize multiple 
acoustic sources. Dir~3ct examples include automated system.s for surveillance, 
videoconferencing and .hands-free speech acquisition [I]. Localization data. is 
also used indirectly for a variety of other tasks: der.everberation of speech, 
fault prediction and analysis in machinery, cuing and tracking of television 
cameras, speaker ve.rifica.tion, etc. 

Ideally, locaUzatfon methods should EJxploit knowledge of the particular 
acoustical transfer functions associated with the sources and sensors. How­
ever t over relianc(J on these functions in the form of a-xcessive calibration to a 
specific environment may result in limited system flexibility and poor adapt,a­
tion capabilities to different and v.a;ry:i:ng a.c.oustical conditions. This suggests 
that localizadon algorithms should be based on a c,ompact and robust pa.-­
rarneterizaticm of the transfer functions. 

If reverberation is present, a general signal model should e-xplicitJy take 
into account both the: signals radiated by multiple sources and their respective 
multJ-.path reflections. The effects of reflect.lve surfaces in dosed environments 
can be studied in a rigorous rn.anner by solving the wave equat.ions with proper 
boundary a;nd initial condit.iOlll:l, This task is generally too <ctxpensive and can 
be very sensitive to numerical errors and changes in assumptions about the 
<mvironment,. A physically acceptable approximation may be derived from 
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182 Di Claudio and Parisi 

the empirical observation that the major contributklnS of reflections are pro­
theed by large surfaces, This is equivalent to neglecting edge diffractions and 
diffusion effects and allows for the use of ray tracing methods. A popular 
exa.m:ple of this approach is Allen and Berkeley~s Image :tvkthod [2) which 
introduces virtual source:s to simulate multi-path re.fl.ections. 

Array processing concepts hav(J bem1 effectively applied to the multi­
sourc:e localization task in the presence of teverberation. Sensor arrays provide 
a spatial and te:rnpm·al sampling of the wave-field and have the ability to re­
solve multiplB vofo:t sources ( e,g. defined by a finite set of spatial parameters) 
even when the radiated signals overlap i.n time and frequency [3J. Of course, 
simpler approaches may be adopted if source signals a:re not simultaneously 
active or i:f they ca,n be isolated by filtering. These cases will not be considered 
in this work. 

Prom a sta.tlstical point of vie1,v, the anay model is wull-defined only in the 
context of narrowband signals, e.g. when the signal bandwidth is a small fr ac­
t.ion (less t.han about 1%) of the central frequency oft.he sensor pass--band [4]. 
In particular, methods based on the si_gnal and. noise ttiib.9paces have become 
vi:~ry popular in narrowband ar1·ay processing. These methods are essentially 
based on exploitation of the properties of th~i Cross-Sensor (spatial) Covdti­
ance MaJ;rix (CSCM) of atray signal envelopes. The sigmtl subspace idea was 
studied in depth in {5,6] and led to a farnily of well-known algorithms fr,r nar­
rm-vband direction finding, namely MUSIC [4] 1 ESPRIT f7J, ~HN~NOH..ivl {8] 
and WSF [9] that are statistically consistent within the standard ana.y model. 

An alternative to signal subspace methods is the dassical Maximum Lik:ee-
1ihood (ML) mot11od, which :t:(,'qUirei; an exact stati.M;ieal characterization of 
received signals [10]. Since the statistics nf acoustic signal,;; sigrtlficant:ly de­
part from the standard i.i.d. Gaussian assumption [UJ, classical ML ,esti:m.a.­
tors can hardly be claimed as optimal for this applit.ation, Furthermore, ML 
(and iilso WSF [12}) requires a cumbersome multi~dimensional search thmugh 
the entire array manifold to provide reliable Direction of .Arrival (DOA) es­
timates. l\iforeovt?t', the effoctiven{',ss of the method is limited by the quality 
oft.he initial DOA ('stimates (within a fract.ion of the arTay beam.-width from 
the true values) and the required knowledge of the correct number of sources. 

In contrast t.o ML-based methods, subspace algorithms have the intrinsic 
advantage of being widely distribution-indepemlent, since tlu~y rdy only on 
the array signal • model and the mrailability of a consistent estimate of the 
CSCM itself. FuJ.thermore, many subspace algorithms guarantee a fast global 
numerical convergence without 1;he need for any prior i.nfon:uatio.11 about the 
source locations [13]-

The main limitations of subspace*based approa.ches are twofold. First, 
they a.re unable to deal. with a quantity of uncorrE>Jated arrivals which ex-­
ceeds the number of available sensors. Such a condition is quite common iu 
rnverberant c11vi1:onments dun to tho fact that reflected signals are frequently 
difficult to distinguish from additional sourL-es. S(,cond, v;.thile the underlying 
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9 Multi-Soute{:1 Localization Stra.tegies 183 

array equations hav<i a strong depeude.nce on the narrowband signal assump­
tion, the acoustic sources in qu.~stion usually have a, large bandwidth. Sub­
spa{:e and ML approaches have 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 signature in the CSCM [14]. 

Several frequency-domain approaches to wideband source localization 
haw been prc>posed. The incohierent approach splits the array pass-band into 
several frequency bins, applies a narrowband algoritl1m to each sub-band 
and dust(:n·s the resulting DOA estimates. This solution is not effective at 
e:xploiting the full time-bandwidt,h product and ks.ads to a highnr Sig:nal-t.o­
Noiso Ratio (SNR) tlueshold for the resolution of dosdy spaced soura:IB [15]. 

The Coherent Signal Subspace Method (CSSM)j proposed by Wang and 
Kaveh in [15] aml further developed in (16-19], estimates spatial covariances 
a.t multiple frequency bitm1 alig;ns them by proper transformation matrices 
(caUed focusing) and generates a reduced statistic through averaging which 
(approximately) shar(~S the same rjgenstructure as t.he narrowband CSOl\-L 
However, even though CSSM-base.d methods do oveH:ome. some of thtr draw­
ba<'.ks of subspace teclmiqu<IB, their utm in ae.oustieal applications is harnperod 
by the limited precision of the focusing proc~dure wlmn the array pruss-band 
axc(*1ds about half an octave. Moronver, CSSM cannot dea.l with the case of 
more sources than. sensors. 

As an alt(.,n1ative to these £requ0.ncy-dommn approaches, time-do-mciin 
processing is appealing since the di.f.fo:rential arrival delays among sensors 
typically exceed the sampling period in a wideband enviromnent and the 
number of rekivant. reflections is essent.ially limited by the frame length [20]. 
Mo,.:it time-domain approaches to source localization involve Um use of tirne­
diffor0J1ce of arrival ('f'DOA) estimates between pairs (or dmtblets) of co­
located microphones [20-23]. Traditiona.llyi the resulting localization proce­
dure requires joint parameter optimization from signals collected simultane-­
ously by many sensors [24). 

TDOA estimation is usually performed by Generalized Cross-Correlation 
(GCC) methods [22]. GCC is appealing fot its simplicity and ease of imple~ 
mentation. However, it assumes a singk!-source rnod~l which limits its utility 
to the multiple-source, reverberant. environment probl0,.:m considered here. It 
is desirable to identify all direct and reflected paths and to correctly asso• 
datE~ (',acl:1 with the appropriate source. The localization problem is fh.!c{Iue:ntly 
further complicated by the absence of a priori knowledge about tl1e room ge­
ometry and the number of active sourc(~8. Moreovnr, individual signals may 
be received with sufficient power by only a subset of the Slmsor doublets. In 
si1dl a case, the localization aJgorithmshould be robust to :missing TDOA's. 

In the following> after a short review of wideband. array processing tech-· 
niqucs, an integrated localization and classification system will be introduced. 
The aJ.goritfa1i. involves robust frequency-domain TDOA estimation followed 
by spatial clustering of raw location estimates [25J. Tho proposed method 
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184 Di Claudio and Parisi 

effi.dently incorporates TDOA and array processing concepts in an unified 
approad1 for the localization of multiple sources in reverberant environments. 

9.2 Background 

In this section the classical concepts of wideba.nd army proc/4.-ssing in the 
frequency domain are briefly summariz,ed with particular reference to the 
CSSM and WSF appmaches, 

9.2.1 Array Signal Model 

A comrnon signal mod(~l in V,idebaml array processing is based on the sub~ 
band decomposition of the recci%>d signals. Suppose that signals radiated 
by D point som·ct)S impinge on an N~element a;rray. Ea.ch sensor signal is 
demodulated, digitized and decomposed by a fi.lterbank (or a DFT) [26] into J 
complex sub-band components. The bandwidth of each filter is much smaller 
than its central frequm1cy fi (i = 1, 21 ... , J), s<l that each sub-band snapshot 
vector x,[k] approximately satfafies the classical narrowband discrete-time 
equations for (k = 0, 1, ... ,1( --~ 1) [4}: 

xi[k] = A(f.i)s-1[k] + vi[kl , 
A(.fi) = [ ai (Ji, 01) .. • an(h, OD)] 

(9.1) 
(9.2) 

A(h.) is the N x J) array transfer mat.rbr. at frequency f.;,, s;[k] is the 
vector of the e.omplex source signal envelopes and tii[k} is the ,N x 1 vee.to:r 
of additive noise components at frequency /;, and time k. Each column of 
A(A) is referred to as steering vector and represents th() array response to an 
impinging wavefront;. The generic steering vector, a(/JJ), is normalized and 
is a known, continuous and differentiable function of the frequency, f, and of 
th,~ location para:rneters cont.ai.ued in vector() (azimuth, elevat.ion, range,. .. ). 
In order to guarantG.'C the non-ambiguity of the model, A(/1,) must have full 
rank for any set of D < J\i' source locatiomi [,1]. 

Nohm and sou.rce waveforms are &"lsumed to be realizations of independent i 
:1,ero mean, complex, circular random processesi having at least finite second· 
aud fourth-order moments [6). The background noise is considered tempora.Uy 
white and isotropic so t.hat its CSCM at any frequency is proportional to the 
identity matrix, I, t.hrough it,s a priori unknown variance, o,,. Colored noise 
with a Juwwn spat.io--tempo.ral covariance may be aecommodated for through 
a pre-whibming procedure [416J, 

If the sub--band srunpling period is sufficiently large and filter pass-bands 
do not overlap, snapshots xi[k] may be considered independent with respect 
to bot,h time and frequency indicns. Under these standard hypotheses, the 
CSCM at :frequene.y fi, R$xUd, obeys to the following relationship: 

(9.3) 
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9 M-ulti•So1uce Localization Strategies 185 

where E[ .] indicates the expectation operator and (. )H is the Hermitian trans­
pose operator. The subspa.ce spa:nm~d by the steering vectors contains tho 
span of the eigenvectors corresponding to the 1'Ji ~ D largest eigenvalues 
{1.t1(M 2 ftz(h) ?. • • · ?. µ 11, (h)} of the CSCM. These l:'igenvectorn are 
collected in a N x fJi ffiittrix E 9 (fi) and constitute a basis for the Bignal 
M,bspae.e [4] at, frequency Ii, If the wavefronts are not completely coherent, 
the source covariance matrix, R,~-Cf.), has rank D and the range of A(li) 
coincides with the sig.ual subspace [4]. 

The orthogonal complement t.o the signal subspace is the 1un:,1e subspace, 
Ev(h), and is constructed from tho N - Tfi eigenvectors associated with the 
smallest -eigenvalues of R;i;:i:Ui)• 

9.2.2 I.11coherent Approach 

The incoherent approach may be considered as a direct d!i>rivation of na1·­

rowband m.ethods [14,15]. It consists of parallel DOA estimation p<'rformed 
indt)pendent1y on several narrow sub-ban.ds. Estimates obtained in the single 
sub-bands a.re clustered in angle to obtain the number of sources (i.e. the 
number of relevant dusters) a.nd the final DOA ( the centroid coordinates). 

The main limitations of this method are the high dispersion of DOA 
estimates and a threshold effect of the CSCM estimator at hw SNR [27]. 
These factors 11ocessitat(~ the use of a high number of snapshots to get reliable 
location estimates. Such a long4t'.tm 1.~1semble analysis may not be valid given 
the time-varying sta:tistical. propert,ies of acoustic sourcos. 

The use of incohenmt methods may be advantageous if processing speed 
is a strict requirement a:nd signals ha.ve a high SN1l l..t1 som-e frequ-ency bins. 
This fa the case of speech signals) where formant frequencies may be eas­
ily identi.fi.ed through a numher of met;hods, e.g. Linear Prediction [14,28], 
Howev13r~ more effe<,tive wideband strategies seek to combine the information 
obtained hy sub-band processing to generate a reduct~ statistic which ap­
proximates the narrowband CSCM modd. Referred to as <!Oherent methodt,, 
a few of the more popular approaches along these Unes are briefly described 
below. 

9.2.3 Coherent Signal Subspace Method (CSSM) 

The CSSM [15] uses N x N transformation ma.trices T(fi) to :map each steer­
ing vector a(fi, 0) to the corresponding steering vector b(fo, 0) of a reforence 
a.rray operating at the focusing :frequenc.y J0. Perfect focu':ling is obt.ained 
when: 

{9A) 

Tlm Universal Spat.ial Covariance Matrix (USCM), R.i:zi is found from 
the average of the focused Rwa, (h) with presclectL><l scalar positive weights 
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186 Di Claudio and Parisi 

J 

Rw~ = I::oitT{/i)Rw~(h)TH (J-.;) ~ B(/o)RssBH(fo) + 0'1,R,,,,. (9,5) 
i,,.J 

The llnhlersal Signal Subspace, Ea) and it.s orthogonal com.plem.mit, E 1,, 

the Unii•ersal Noise Sub.i;pace arc computed from the eigendecompositkin of 
the matrix v-1R:i:;i;(V-1)n, where Vis the matrix square root [29] of the 
Universal Noise Spa:t,ial Covariance1 Rvv) found according to [HJ]: 

J 

Rvv = vvrr = E a{l'Ui)TH (Ii) . (9,6) 
i=i 

The matrix R@x must be estim,1<ted from K >> N independent snapshots 
for each frequency1 yielding the sample subspaces1 Es and E~, that ntay be 
used in any subspace--based algorithm for direction finding. for instance1 the 
classical MUSIC estimate [41 b(~cames: 

(9.7) 

In room acoustics applications the CSSM suffors from sevel'al drawbacks. 
R0..flections are seen as a large m.1rnb0..r of scarcely correhitnd sources. Since the 
nmnbt.~r of resolvable sources ls bounded by the number of a,vaila.ble micro­
phones, the resulting USCM is chara-eteriz,ed by a colored ba.ckground noise 
which is present only when the sourc(is are activEL This fact induces a thoo­
retkal loss of resolution and in pra.e.tke, a strong bias in the DOA estimates 
as well as errors in the identification of the number of sources. 

9.2.4 Wideband Weighted Subspace Fitting (WB-WSF) 

The classical CSSM spatially transforms signals and noise. In contrast1 the 
WB~ WSF algorithm [12} uses only signal eigenvectors to get asyn1ptotically 
efficient DOA estinuites) Own-wsF, under a Gaussian assumption fur both 
signals a.nd. noise. 

The narrowband WSF method attempts to fit in a. weighted Least Squares 
fashion a linear combination of calibrated steering veciors onto the signal sub­
space eigan:vect.ors, Extension of the WSF' criterion to the wideband case is 
straightforward. If the snapshots c&t be consid(\ted independent an1ong differ­
ent frequency bins [17], the global and concentrated Gaussian Log-Likelihood 

1 Through.out this work, estimated quantities will he ma.ked by the hat superscript 
( : ), to avoid arnbiguitioo. 
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9 Multi-Source L-0ca.lhatfon St:rnttigies 187 

of the data is simply the sum of its narrowband components. The U)SUlting 
WB-WSF estimator then assumes the following form: 

where the subscript Ji' stands for the Fl:obenius norm of a rnatrix. 
In the case of Gaussian-distributed signals and noise ( and pcrfectJy cali­

brated arrays) optimal w0ighting ri:1.atrict1s W(fi) arc diagonal with weights 
proportional to [9]: 

{f·)- _ JlmUi) - u~, 
W' $ tm,m] ·- Jµm{fi) ffv • 

(9.9) 

The matrices Ci(D x 1li) in functional (9.8) arc linked to selected weight­
ing ma.trin~s through the equation C!i = At (/1) 0) Es (Ji) w rn) [9]. Optimality 
is assured even if consistent estimates of the weights are used instead of their 
true values . 

. From (f).8) it may be seen that the WB-\VS:F method requires the solu­
tion of an expensive multi-dimensional optimization problem in the location 
paran:iet€rs space. Moreov(~r; in most cases this is au ill-conditioned problem 
since the error surface is quite fiat far from the true DOA's and characterw 
ized by many local minima [12], This pro{W.Xty Ht-nits the eonvergence rate of 
any optimization algtxrithrn, making the \VB-vVSF unsuitable for reaJ-time 
applications unless an accn:rate initialization is prtwided (e.g. tracking of a 
moving source proviously locafr;.;ed by a different algorithm). 

Anoth()r issue with the WB~ \VS:F approach (and similar cov-il.riance fit­
tings) is its very high sensitivity to the appropriateness of the propagation 
model. Errors in the step.ring vectors of high SNR components may be greatly 
amplified by weight-ing, inducing a loss of conn:rgen.co or an increased varianee 
of the DOA nstimat.es [30]. This fact makes the use of WB-WSF extremely 
difficult in mverberant and tim<)-vatying environments, 

9.3 The Issue of Coherent Multi.path in A:r:ray 
Processing 

From narrowband array processing it is well known that sp<.>cular multipath 
creates several. identification problems in subspace rnethods [4] since the rank 
of RssUd is less than D, In such a situation the signal subspace is strictly 
contained in the span of A(fi) and most subspace algorithms do not guaran­
tee source ident.lfication. This problem is pn,rticularly serious with incoht>.xent 
processingi as described .in the following mu1mple. 

E:to:mple. Considt~r for simplicity a single source and a single reflection and 
suppose that the propagation differenc,1 between th1.1 direct and the reil.et;'tCd 
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188 Di Claudio and Parisi 

paths is 3 m. The TDOA is about 10ms. If a, formant frequency of 300 Hz 
is considered, the sub-band filter should have a pass-band of about 4Hz. 
This means that the sub-hand Nyquist frequency allows for discrhnination 
of coherf.nt path delays down to about 250 ms using the dgt�n---a.nalysis of the 
CSCM (9.3). Bf:low t;his limit1 the MUSIC algorithm may not resolve the two 
paths and a WSF-type approa.ch is required [9]. However, the initialization 
will he very difficult [121 and t.he final es'timate very sensitive to calibration 
errors. The CSSM would he r,apable of focusing an instantaneous bandwidth 
to about; 150Hz (0.73 octaves), allowing for the discrimination of a TDOA 
around oms. By contra.st, a time-domain approad1, sueh a,1 GCC, allows 
for signi:ficantJy improved resolution. With an 8 KHz sampling frequency, it 
would be possible to detect a TDOA less than about 250 µs. 

This exain.ple suggests that time-domain an� advantageous in room a.cous•-­
tks applicatJ.ons. Hm.vever, in the presence of multiple sounes and ref:h.�.-_,1;ions, 
the problem arist>,s of discriminating and correctly pairing the TDOA 's. This 
task is quite complex if spatial information is not. exploited. 

9.4 Implementation Issues 

Microphone arra:ys for surveillance or mult,i--media applications should be rel­
atively cheap and easy to deploy, but capable of functioning in real time. In 
particular, they should be largely insensitive to enviromnental changes and 
calibration should be as simple and automated as possible. These require-­
ments tend to rule out approaches based on joint opti:t:nizatio:n procedures 
working with all signals at the same • time. In fact, since the microphones 
may be deployed rela.Uvely distant from each other in an effort to ad1ieve 
a suffident spatial aperture, synchronization, caJibration and simultaneous 
processing of aU sensors may be very expensive and technically difficult. 
This requires high-speed links and enormous processing power which t;ypi­
cally grows with the ,<Jquare of the array size in the case of aforementioned 
signal subspru:;e and lV!L algorithms. 

fa the following b-ection, a possible approach to the robust localization of 
multiple siumltanoous speakers in reverberant rooms is described., The pro� 
posed method circumvents most of the drawbacks of axlsting array processing 
algorithms in terms of the number of sources iden:tifiaJile, robustness to cali­
bration and estimation errors, and capability of discriminating ronong direct. 
and refiocted pat.hs. l\.foroovi�r, the algoritfon may bt) computed in pa:rallel on 
cheap, but powerful, DSP processing boards connected to selected pairs of 
microphones. This property reduces the physical length of the inter-processor 
communication paths and Bimplifies hardware manu:fru::turing, system deploy� 
ment} and software development" Only a limited number of pa.ran.1eters are 
collected at slow da:ta rate., by the main processing tmit (e.g. a workstation), 
which fuses the partial information and furnishes the fin.al i.nterfo .. ce to end­
users (humans or other sub-systems). 
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9 Multi-Source LocaJi:.latiou St.rateg.ies 189 

9.5 Linear P:rediction~ROOT-MUSIC TDOA 
Estimation 

The proposed solution tio the multi--source localization problem is based on a 
frequency-domain ti.me delay est.imat.ion procedure which 11mploys a di.sturlwd 
harmonics model and involves a three-stage strategy. The £rst stage consists 
of time-varying data pre~whit,ening through the use of Linear Prediction [28]. 
ln the second stag,➔, the TDOA's for the direct paths a.:nd early (str011gcst) 
reflections are estim.ated by a dosed-form parametric approach based on the 
ROOT-IVlUSIC algorithm [1:3]. ROOT<MUS!C is applied to a. mat.rLx built 
with samples of the Cross Power Spectrum (GPS) [22] of the pre~pmc•~ssed 
sensor signals. The Singular Value Decompositkm (SVD) of this matrix yields 
information about the number of sources and main reflections, and their cor­
responding TDOA)s. Ea.ch set o:f TDOA\1 is then convert,ed into a. set of points 
in 3D-spac.c by dassical geometdcal methods. Finally, in tihe third stage the 
most likely positions of the speakers are found by means of a clustering i.n 
space performed among all the ()Stiruated locations. The centroids of the most 
dense dttst-e:rs are sefoct.ed as cari.dida.t.e sources, thus ('llimirmting most. of the 
foloo detections genera.tBd by outliers { virtual sources, localization amhi.gu­
ities, impulsive noise, etc.). In the following sections, these three &'teps are 
separnt,ely dt'Scribed. 

9.5.1 Sign.al Pre-Whitening 

Like most TDOA estimators in the presence of r.everberationj the proposed 
algorithm separately processes signals received by pairs ( or doublets) of n1i.~ 
crophon<'s. The underlying hypothesis is that since t.he 1nicrophones in each 
doublet are physically dose to each othcr, the two room impulse responses 
will be yery similar. Under such dreumst.ances it r.nay be assumed that the 
two microphones receive time-shifted replk.as of each source signal fl.ltered by 
the sarr.1.e acoustic transfer ft.mction. 

Since the power spoctrum of acoustic signals is typically characterized by 
a wide dynamic range across frequency bands, signal pre-whitening has be(\n 
:found to be an effective tool for im.pn.wing the quality of speech enhm1cem.ent 
schemt>s f31] a:nd TDOA estiml'itors in reve.rberant enviromnents [22r20,2:-l]. 
Figure !U shows a schematic of the pre-whitening pr<w,ess [3-:2] by Linea:r 
Prediction. The short-term prediction filter A1(z) acts on formant frequencies 
while the long-tenn predictor Ap(t) cancels spectral periodicities induced hy 
the pitch and reflections. The presence of multiple sourc0,s (speakers and 
virtual sources) may t(!qUire n.lter orders that are slightly higher than those 
normally used for speech coding applications. Moreover, multiple ca .. 1caded 
long-t.erm predictors may be required. 

Linear Prediction removes t.he common spectral features present in do1y 

blet signals (including the pitch) and minimizes spectra.I fluctuations induced 
by multi-pa.th effects. Thos<~ consideraHons may be <:>xtended to a larger class 
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190 Di Claudio and Parisi 

Au1uircd.__ _ ___, 
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Short-term .__ _ ___,Long-term 
residual residual 

t 
Whltcwtd signal 

"Pi.g. 9.1. Schmnat.k of the Linear Prediction processing. 

OJJ 

0.75 -

:Fig. 9.2. Gr<lSS-Povte.r•Spectrum Phase TDOA estimate without pre-whitening. 

of acoustic sourCBS besides spcxich, like air conditioners1 computer fans, and 
rotating mar..hiuery in factories. It is important to remark that this proce­
dure is a linear process aud does uot alter either the general signal model 
or the local signal-to-noise ratio (SNR.) in the frequency domain. The pre-­
whitening produces an. approximate concentration nf the Likelihood function 
(under a simplifying Gaussian assumption) [20] and improves the Sig:n.a1-tio­
Reverberation ratio1 thus reducing the number of TDOAis to be estimated. 
Figures 9,2 and 9.3 show the improvements obtained ·when pre-whiteJting is 
included in the standard Cross-Power Spectrum PhaBe (CPSP) TDOA esti­
:m.ator {1]. 

Optimal processing would require separate filtering of ea<'h signal and 
compensation for the different phase responses before the CPSP estimation. 
This leads to increased computational cost and highe,r variance of the TDOA 
estimates for short data records [22]. Conversely, in the proposed approach 
short·· and long-term predictors are computed on the basis of the avemge 
autocorrelation of doublet signals. R<'-Sultin.g filters. are smoother in fre.,i:uency 
and lead to a negligible loss in performance. 
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9 Multi~Souree Locttlization Strategies 191 
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TDOA(m.) 
AL'tm•l TDOA: .0.122 lllS Jlstimim1il Tl.1{),\; --O.n5 Ill$ 

Fig. 9.3. Cross-Power-Spectrum Phase TDOA estimate with pre~whi.tening. 

Arnr,ng Linear Preclit-iion algorithms, those assuring a smooth and sta­
tistically stable estimate should be prefurred. In particular, Levinson and 
Scl:rur-type algorithms (such as -Yitle-Wal.kflr1 Burg, Makhottl) compute the 
minimal set of parameters (reflection coeHklents) of a Toeplitz correlation 
matrix., typical of stationary signals [33]. The Toeplitz constraint1 coupled 
with a biased correlation estimate, avoids the presence of deep nulls in the 
prodidion filters which may cancel the speech formants and ensures tbe sta* 
hility of the AR model assumed by Linear Prediction [33]. 

9.5.2 An Approxb:nate Model for Multiple Sources in 
Reverberant Environments 

The proposed solution is an effective alternative to existing GmeraJizt1d 
Cross-Correlation methods, GCC is not able to cope, with multiple sources 
th.at are simultaneously active .. Array processing concepts may be eff(ictively 
introduc(id for this task. The TDOA search may be rec.:1.l:>'t a.q a disturbed har­
monics retrieval problem [34;:>5] from the CPSi Pi2(f), of a generic doublet. 

Indkat.ing by e1[kj and e2!k] the sampled signals acquired from the dou­
bfot (after Linear Prediction whitening) and with t\ (J) and E2(f) as their 
corresponding FouriPx transforms, Pu(!) is defined by: 

(9.10) 

Uude.r mild hypotheses, it may be shown that the follo'ving holds for 
P12(f): 

(9.11) 
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}irM ,~fl~;ri(m 
(,t«>ng) 

RM!n 
l>)rdc{ 

F.ig. 9.4. Model of a reverberant room, 

where D is the number of' sources, Sd(f) is the spectrum of the d--th whitened 
signal, K,1 is the number of significant arrivals from a single source (direct 
path aind rdlections), a(!) are slowly-varying transfo.r functions due to mis-­
mat;ches between the :mli."..rophone impulse responses, and Lldkt = (,iak-T2dl) 

are the TD0A's to be estimated (Le. the time difforf'nces of all possible 
combinations i.n pairs of direct paths and main reflee.t:ions1 as illustrated in 
Figure 9A). The model in (9.U) assumes th.at Pi.2(f) is the sum of a few 
sinusoids modulau1d by slowly-·wrrying envelopes and embedded. in a nearly 
white noise [34J. 

It is important to note that in case of multiple sources the Liuea.r 
Prediction---base<l whitening filter bas a square frequency response which is 
roughly proportional to the reciprocal of the sum of the signal spt.~tra. As 
a eonscquence, if' the spectrum of the d-th source mchibits a peak at some 
frequency; the whitened spectrum 8ttU) will have a broader and lower peak 
while the other sources will experience a strong fading at the same frequency. 
The corresponding sinusoids in (9.11) will present lo(:alized enveilope fluc­
tuatJons that can be regarded as noise, However! since the power spectra 
arn positive, it can be verified that the CP:S, A2(f)) of sampled signals has 
a first~order periodidt.y [35] at- each TD0A that- can he detected through 
aut;ooorrclation analysis [36], 

9.5.3 Robust TDOA Estimation. via R.OOT~J\UTSIC 

The cross power spectrum (9.11) is evaluated at discrete equi-space<l freque.n­
cies1 A from consecutive frames of Linear Prediction residuals by means of 
an unwindowed FFT and time averaging. Many algorithms for the estimation 
of t;he delays Lldkl are available in literature- Among the possible solutions, 
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9 Multi-Source Localization Strategies 193 

techniques based on cigenanal.ys:is an'l preferred for the detection of disturbed 
and ensemble harmoni.cs [36] like those present in (9.11). In particular, an ad 
hoc version of the ROOT-MUSIC algorithm [13} known to be very robust to 
envelope :fluctuatiotlS has b(',en de,1€lopcd. 

Sp(>,dfically1 ROO1\MUSIC is applied to the covariance of a Hankel data 
matrbc, form.ed by the esti.ma,tes of P.12(/i) at each doublet [3,1], Let, 

(9.12) 

he th,J m:-th frame of Linear Prediction rnsiduals at the n-th sensor. L is 
the frame length. The running CPS estimate at frequency Ji is computed by 
exponential windowing with a forgetting factor "/ (0 < 1 < 1) according to: 

where &n[m, i] is the i-th sample of the FFT of e.n[m]. 
The estimates in (9.13) an~ used t;o build a CPS matrix P[,rn], which has 

the follo·wh1g stmctu:re: 

( 
Pr,[m, i:t] • • • .P,~[m, h + P -·. 1]) 

Pi2[m, i1 + l] • • • Peiim1 i1 + .PJ 
P[m] = 

i\2(m, fo -P + 11 • • • Fh[m,i2l 

----( :~t:l ) 
A f ' 

'1'irh-P+2lmJ 

(9.14) 

where ,ti and i2 a.re the respective indices of the lowest and highest frequency 
bins considered, and Pis tho "predictio11"order. 

As shown in ({U3), t;he matrb;; P[m] is asymptotically (Le. when. m➔ oo 
and "'f ~·➔ 0) low-rank if all the power spect.ra are :ilat [34], However, it must be 
noted tha,t spectral Huctuat.ions generate an irreducible noise, independent. of 
the observation tune. This noise limits the improvement ht the v·a.rianc<1 of the 
TDOA estimate with the SNR and the observation time. Experiments show 
that the varianC(! tends to a finite limit with the increase in the SNR; this is 
typical of array processing in the p~esence of random model mismatchtIB [30]. 

In addition, ea<'h CPS sample P12[m, i) is affect.ed by an estimation error 
\vhich can be shown to be neady uncorrelated wit,h respect to the bin index, 
i, if the signals have been whitened. The variance, up[m, i], of this e:rror is 
proportional to E [IE t[r,i, i] 12

] x E [!t:
2 
[m, i]! 2

] since the FFT samples approach 
a, Gaussian distribution {11] and can be considered constant relative to the 
frequency of the Linear Prediction re.siduals. 

The Singular Value Decomposition [29J is now applied to the matrix, 
P[m], to obtain an estimate of (fr> and the num(>..:dcal rank, 11p, required by 
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HM Di Cla,1dio and Parisi 

the standard ROOT~MUSJC [13]. Tht~ rows of P[m] may be conveniently 
re-weighted if the SNR in the gt>neric FFT bin changeH through suhsequ€llt 
frames. A possible choke for the weights1 Wg fm] 1 comes from the minimization 
of the Mean Square Error (MSE), ,Ji(m], between the measured r1[m] and the 
true om\ r 1 [·m] [6]: 

The final weights a.re set proportional to: 

if lr1[m]l2 >P&v 

elsewhere 

It is convenient to normalize the weights so that E wf [m] = 1. 

(9.15) 

(fU6) 

The SVD of the re-weighted matrix Pw[m] is computed and the :rank 
11;, is estimated again. The P - tJp right singular vectors corresponding to 
the smallest singular values, { D11,,+i. ?. P,1"+2 ? ... ~ vp }, define the noise 
subspace Ev of the matrix Ptv[mJ. 

At this point; the sinusoidal frequendes in (fUl) are estimated from the 
zeros of the following rational function [13]: 

II(z) = dT{z~1) Ev (V~+I ~- -~. ) E: d(z), 

: 0 fFj/' 

(9.17) 

where d(z) = [ 1 z z2 ... z,l'--1 ] T, Th€ weighting of the noise subspace Er, 
in (9.17) helps to compensate :for deviations of the noise covariance matrix 
from the identity matrix [5]. Finally, a Lea.'lt Squares fitting of the sample 
CPS using (9.11) is recommended to validate the detected sources according 
to their relath'fi power [4]. 

9.5.4 Estimation of the Nwnbe1· of Relevant Refle<:tions 

Before the ROOT-MUSIC algorithm may be applied, it is first necessary t,o 
estimate the number- of significant si.rmsoids in (9.11). The effective rank of 
P[m] may he cak,ulated and used for this task since it is linked through (9.11) 
to t,he number of relevant arrivals. 

Rank estimation in array processing is ofte.n performed by sett.ing a proper 
threshold on the eigenvalues of the CSC:VL A numbnr of possible criteria are 
available for this purpose [37], In the present approac::h1 the rank ·r1p of the 
matrix P[m] (or P w[m]) is estimated via a simple and robt1..<it algorithm based 
on the SVD, 
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Fig. 9.5. Sample singular value sp€dirum of P[ml in three different realizations. 

It is assunwd that th<~ squares of noise-induced singular val.ues of P[m] 
(i.e. the eige:rrva.lues of the data correlation matrix: pH [mJP(m] [29]) are clus­
tered around the noise poweri a;,, scaled by the number of obs0.rv1.ttions and 
are approximately Gaussian or x2 distributed. In contrast, the largest (or 
signal) ci.gm:ivalues axe assumed to be drawn from a, different and unknown 
distribution [37]. These may be considered as ,nitlier·s when obrmrved on the 
eigenvalue spectrum. 

This particular intc,irpretation allows for the robust estimation of the noise 
eigenvalue dist,ribution in order to set an appropriate threshold [38]. In this 
work, the saxnple median and the absolute median deviation of the eigenv.tlues 
have been successfully uood to estimate, respectively, o1} arnl the dispersion. 
As an (~xample, Figure 9,5 shows the spectra of the singular values of P[m] 
for three different realizations. 

The use of robust estimation requires a. suffid.eut amrn.mt of data. For 
axample, \vith median-based estimators it is known that the order, P, of the 
matrix P[mj should exceed twice the number of significant reflections [38}. 
Information theoretic criteria like MDL or AIC [37] do not p0s.1sess this limi­
tation, but do have the drawback of being highly sensitive t.o modeling errors 
and approximatim1s always present, when dealing with multiple reverbe.rated 

signals. 

9.5.5 Source Clustering 

Each doublet generates a set of TDOA's. By pairing the TDOA's of nearby 
doublets, a set of candidate source positions may be generated by mea.ns 
of (,ffident geomet.rk algorithms available in the literature. In particular 1 

the Linear Intersection (LI) method [24] has been found to produce reUa.ble 
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196 Di Claudio and. Parisi 

:i:csult$ during computer simulations .. In this case each source position is given 
by the point of closest intf!rsect.ion between only two bearing lines. Points that 
lie outside of the room borders are immediately discarded. 

Location estimates are dusteretl in space using a fast fuzzy algorithm [39). 
The dusteting procedure\:; processing spood is of paramount importance dur­
ing real-time operations since this is tlw only ta.sk that cannot be parallelized 
onto the local DSP processors associated with each doublet. 

The maximum number of estimates that can be attributed to a single 
source, Qa, can be easily computed fro:m the array goonu~try [24]. For m,:am.• 

ple1 in the case of azinmth-only (2-D) estimation, it is: 

(9.18) 

Most of the remaining estimates are generated by pairing TDOA's that refer 
to different. acoustic sources and have no physical meaning. Other incorrect 
locations arise from geometrical ambiguities in the array itself, reffoctions 
from furniture (whose virtual sources are intm:nal to the room) 1 or diffract.ion 
effeti,S. 

Dense clusters possessing an approxiJ:uately eUiptieal shape are formed 
around the locations of actual sources while other. estimates usually generate 
disperse dusters containing only a few points. The centroids of clusters gath~ 
<~ring a number of elements close to Qd are finally selected as sour<:<! locations. 
This clustering procedure may be extendL'<i OV{!r cousecut.ive time frames in 
an effort increase performance. 

9.5.6 Experimental Results 

'I'he ROOT~MUSIC TDOA algorithm was compared with the Cross-Power 
Spoctrnm Phase a.pproach [23]). Sources were simulated as spherical clusters 
of radius 15 mm formed hy highly cohemnt point sourc<,>S radiating speech 
signafo previously recorded in the near--field and open space. Reverberations 
were simulated using the Ima.ge Method [21 applied to a room of size (6 x 
7 x 4m) with reflection coeffi.dents equal to 0.8 on the walfa and 0.6 on the 
celling and the ftoor. SpatiaJly distributed air absorption with an attenuation 
coe.fficient of 1 dB /m at 20 K!fa was also employed. Microphones arranged 
in four square a.rrays of 16 e1ements each were selectively used. The frame 
length was 1024 samples with a sampling frequency of 44.1 KHz. At each step, 
the mat.rix P[m] was formed from a single lOM-points FFT. Clustering of 
location estimates was performed over ten consecutive fratMS with an overlap 
of 50%. 

Pre-,.whitening was found to improve the perfon:nance of both algorithms. 
Table 9.1 presents t,h€ sample TDOA statistks obtained from a single doublet 
in the presence of a single speech source for varying SNR values. The superior 
performance of the proposed approach is dearly visible. 

I 
'.ii 

I 
~I 
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9 . Multi-Source Loealization Strategies 197 

Estimator SNR::::;lfldB SNR::::;20dB SNR::30dB 

CPSP Bias: 0.0278 0.0153 0.015 

Std. dev.: 0.165 0.0264 0.025 

ROOT~MUSIC Bias: 0.01.26 0.0087 (to065 

Std. dev.: (l.0472 0.0183 0.0151 

'!'able 9.1. TDOA estimate ()f CPSP and ROOT-MUSIC: sample bias. and standard 
deviation, in. milliseconds. 

20 ,----,----,-----..----.-----.--........ --, 

15 

10 

:.__ __ _,__..,..It .. 11..1 ...•.... .iL ...... ,.! ........ ~.1 ............... L ............. . 
·2 •i.5 ·1 .0.5 IDOAqm~) 0.5 1.5 2 

il.t,twtl TDOA,; ~ [·l.l,122·U ·{Wl:llOJ mil 

X " 1 . X 

TDOA(llll!)O >i< x ~ x ,,,, 
"'"' ~r.,,:¢~~-'t:~~.¢::.~:;,,;,;;:l",~':.tt;:~~~,-~ ~-~-~"1~-w~:.os~ l,i~ ;,:. ~ 

-1 
-~,-•1'11rn1il1!1!:ili!rril~lo,ifi!e/1!!!6!'~"~ 

20 40 oo ao 100 
F~inde;; 

Bi~•= [.0.00087 O.Ol4j m;,, Std. :O..v, =[0.(Xll!l O.l)2Zj mo 

Fig. 9.6. Histogram an.d plot over time of TDOA estimates iu a two-source case. 

Figure 9.6 illustrates the properties of the ROOT-MUSIC TDOA estimate 
obtained from a single doublet in the presence of two simultane.ous speakers. 
The upper plot. shows the histogram of the TDOA's, corre.sponding to t.he 
two sotl:rct',s and to the main reflections. The lower plot tracks the polynomial 
roots of (9.17) [13]. The effects nf most of the reflections are ,,-isible only in 
sporadic frames. -

Figure 9. 7 shows the standard de,riations of TDOA estimates derived 
for various doublets and varying SNR. values. It can be seen that at high 
SNR levels the standard deviations depart from the ideal linear behaviour 
expected in classical array processing techniques with perfectly calibrated. 
anays [tJ]. This effect is due to the aforementioned. model apprn:dmations 
and1 in particular> to tho envelope fiuctuations oft.he CPS. 

Figure 9.8 shows an example of dustering over time in the presence of 
three simultanoous speakers. The plot on the left shows the scatter plots of 
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198 Di Cla,idio and Paxisi 

<i°!('.!!~~·mir:~ll 
{>ilt..'-:rrii~.:!!,8} 
eit-.~:i::, r:~7i~l 

20 
SNR{d8} 

···············---1 
j 

80 

Fig. 9.'1. Standard deviations of TDOA (\.<\timates vs. SNR for different pairs of 
mkropho.ues, in milliseconds. 

Fl.g. 9.8. Left: scatter plot of raw locations. llight: scatter plots of centroids. 

r-aw locations obtained by application of the LI method [24] to the ROOT­
MUSIC TDOA estimat~~S- All locations obtained in ten consecutive framl.".s 
and passed to the dustcring algorithm are indicated. The actual source po­
sitions are also indicated hy circles. The plot on the right depicts the scat­
ter plots of the centroids of the main detected dusters associated with the 
sources. 

Finally) Table 9.2 details the sample stat.isf,lcs of the cent-roids depicted in 
Figun~ 9.8 drawn out of 50 outcomes. In particular, the number of locations 
attributed to ead1 source is shown as a fraction of the theoretical Q,1. This 
numbm: can be assumed as a measure of the compactness of the dm,'i:ers and 
of the quality of tfa~ overall algorithm. The very Jo....,, bias of the estimated 
sourcn positions should be notnd. 
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12 Sn1all Ivlicroph.one Arrays with PostfiJters 
for Noise and Acoustic Echo Reduction 

Rainer Mart.in 

Institute of Conmmnic.ation Systetrui! and. Datil. Processing 
Aachen University of Technology, Aachen,. Germany 

Abstrac:t. This chapte1· presents arrays with two mk-rophones and a post.filter for 
noise reduction and. acoustic echo cancellation. The post.filter a!go:rithrn. exploits 
the spatial coherence of the microphone signals. In contrast to single-minophone 
enl1anceme11t algorithms, it does not need an explicit .noise power spectral density 
estimate. An analysis of the mean square error reveals that the coherence properties 
of the microphone signals are of paramount impo:rt,ance for the perlonnance of the 
post;filtl!'x-. Coherence 1.neasurements of si,_a;nals in ,-ar:iomi acoustic environments are 
presented. The infl:uem::e of the dire\'.tiv-ity and. orientation of the microphones on 
the meAA,m¾i cohereuce is di,;cusm¾i and rules for tJ1(¼ oos.ign of the acoustic interface 
are given. Finally, applications of this approach are presented, The two-microphone 
algorithm is emplo,yed to reduce the non~statkmary noise .in the voice intercom of a 
compUtE¾l tomography scanner. It is also combined ,vith echo ca.ucelle:rs to be used 
in a robust desktop conferencing device. 

12.1 Introduction 

Hands-frt.>e operation of voice communication terminals pn>.sents a challeng­
ing signal processing task. The relatively large distance between. speaker and 
microphones 1 the feedha.ck of acoustic cehoes, and the "anywhere and a11y­
time1r paradigm. of. mobile communications can all contribute to considerably 
dist;url.H,>d speech signals. Tti achievB a reasonable com:municat.ion quality the 
hands-froo terminal must therefore reduce disturbing environmenta.l acoustic 
noise as well as a.cotwtic echoes in received spe,ich sigm1Js. 

B<1cause of their ease of implementation and use1 single-microphone speecl1 
enhancement systetns an,i favored in many applications. HO\\--ever, multi­
microphone systems have considerable advantages over singk'-rnicrophone 
system.s when the noise is non-stationary or the spc>ech is reverberated. Multi­
:micmphone systems take the spatial correlation of sound fields into account. 
The spatial corric>lation can be exploited to dereverhera.te the desired speech 
signal and to reduce noise and acoustic echoes. The simplest syst;em which 
takes ad\'antage of some of these benefits is the tw<r-rnicrophone array. 

fo contrast to larger arrays, t.he two-microphone approacli relies le.ss on the 
beai.nforn.ring gain of the array but more on the noise and ed10 suppression 
of a postfilter. The postfilter combines and processes the two ntlcrophone 
signals in ordt'r t-0 compute an estimate of the dean speech signal. The array 
can be easily irnplemonted using ·widely available stereo A/D convert.ors. 
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256 Martin 

Figure 12.1 depids the bask components of the two~m.icrophone speech 
enhancement system. The rnicrophone signals are assumed to be a linear 
combination o:f clean speech signals sn(t) and noise signals Vn(t), where n E 
{ l, 2} denotes the microphone index. The system is symmetric, Le. 1 we assu:rne 
that both microphones pick up spet'Ch and noise alike. This is quite different 
:from the noise cancellation algorithm fl], where the primary microphone picks 
up both speech a.nd noise and the secondary microphone serves as a :noise 
reference only. It has bee,n dernonstrated that the noise c;,mcdlation approach 
does :n.ot work well i:n reverberant environments [2]. According to Fig. 12.11 

the sampled microphone signeJs xdk] and x2(k] (sampling frequency fs) are 
adjusted for possible time delay differen.Ct'iJS .in the range of -T :S r :::; T, where 
T denotes the maximmn delay difference. The signals are then combined 
and :filtered. The filtering takes the spatial correlation (coherenco) of the 
:rnicrophone signals into account and constructs an estimate s[kl of the clea:n. 
speech for instance by minimizing a mean square error criterion, In contrast t-o 
most single-rnic.rophone. alg;oritluns, the coherence based approach does not 
rely on an ex:plidt noise power spectral density estimate. Its performance, 
however, dep,mds t<) a large extent on the acoustics of the environment, 

Two,,microphone axrays with coh<>.rence based postfllters were pioneered 
in [3,4] and later improved in [5·8J. Systems with more 1ni.crophones and with 
significantly higher array gains were inve::.'tigated in e.g. [9,10] and in [11]. 
The latter approach also mak€.s use of subarrays and subband processing. 

In this contribution we ,vill first present the ma,g:nitude squared coherence 
function (MSC) as a tool fo.r the ru1alysis of the spatial correlaU011 of tJ1e mi­
crophone signals. Using the Wiene,r filter as an example, \\>i:J will then motivate 
in Sectimi 12.3., why the spatial coherence of spooch and nnise signals is im­
portant for the pe.rformance of the two-microph(.me postfilter. Finally, we wm 
describe applica.tions of the two-microphone postfl.lter in the voice intercom 
of a computed tomography scanner and in de-Sktop conforendng experiments. 

time de.lay 

estimation 

signal combining 

an.d filtering 
.__ _____ _. 

-~z(tL(v2(t)~E3- + 
--, + r--.., A/D :T - r 1------1 

"'-/ · ._,., L_ xz[k] ____:_i y2fk] 

sfkJc:1 r{1 
~ 

Fig. 12,1. Block diagram of the $ynunetrk two-microphone noise reduction system. 
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12 Small Mkwphone Arrays with Postfilters 257 

12.2 Coherence of Speech and Noise 

The MSC,. Cx1 :i.,2 (!J)i is a frBquency domain measure of correlation bet.ween 
two signals. As it turns out, it is also a 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 re1,erberatian dist1ince, an~ 
other measure which helps to characteriz-e the acoustic enviromnent, \Ve then 
pretient coherence measurements for various noise types and for spoocb. \Ve 
\\'111 find. that the directivity of the microphone and its orientation towards 
the epeaker play an important role. The aim of this section is to derive rules 
for the design of the acoustic interface of the two-microphone noise reduction 
system. 

12.2.1 'l'he Magnitude Squared Coherence 

For stationary input signals, :.1:1 (kl and :r:\1 [k], the MSC is defined as the ratio of 
the magnitude squared cross pov."Cr spectxal density, P,.,. 1a,,;i (!t)) to the power 
spectral densities, P,.,.1 ,~1. (!J) and P1;2 ,;:~ (ft), of the input signals [12,13] 

(12.1) 

where .fJ denotes a normalized frequency variable1 fl = 21r f / J e • The !vfSC 
takes on values hetweE>-.n zero and one> 0 ;;;; C:1>i:i::i (SJ) .~ 1. 

It is well known that the coherence of two bandlimlted and sampled signals 
recorded with omnklireL'tional microphones in an idea.Uy diffuse (isotropic) 
sound field is given by [14,15} 

C 'ffi..:: sin.2 (flfsdm1cc~1) 
dlffus"' (, " (r)J d ' -l"'" , 

~. s nuc C ) 
(12.2) 

where dr.nic de.notes the distanc.e bet'l-•;reen the mk.rophones and c the speed 
of sound. Cct1w1.1~e (J?) attains its first zero at frequency /o(dmic) = c/(2rh.nJc), 
The sound field is highly correlated for frequencies below fo(d1n1c) while the 
correlation is low for frequencies above /o(dm1c). Equation (12.2) is a nec­
essary but not a suf!idt>nt r..ondition for a sound field to be ideally diffuse. 
Hence, it is possible to construct sound fields whl,11 have an MSC according 
to {12.2) and whk.h are not idea11y diffttse [16]. 

Besides the spatial distribution of the sound sources and the :room acous­
tics the directivity of the microphones also has an impact on the measured 
<'-Oherence. For omnidirectional microphones the coherenciJ of the ideally dif­
fuse sound field is given by (12,2) independent of the microphone orienta-­
tion. For directional microphones the coherence depends on the orientation 
of the microphones t,o each other. Figure 12.2 plots the coherence of the ide­
ally <lifft1se sound field for microphones with a cardioid directivity pattern, 

-257-

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



258 Martin 

lt'ig.12.2. Magnit;ude squared coherence of two microphone signals in an ideally 
diffuse J10ise field [17]. The n1icrophones have a t.a:rdiciid directivity patte:m and 
different look directions. The microphone distance is 0.1 m. O" equals broadside 
orientation. 
(a): both microphones are turned clockwise by the same angle; 
(b): one microphone is turned dock-wise, the other oounterclodcwioo. 
(--): 30" turn, (- • -): 60" turn, (· • · • •): 90° turn. 

ln Figure 12.2a the mkxophones were turned from a broadside orientation 
(O<') clockwise by the same angle, In Figure 12.2b one microphone is turned 
clockwise, the other is turned counterclockwise by the same angle. In the 
90° position the directions of ma.-x:lmal sensitivity £•1,ce each other. \Vhen the 
microphones look in dlffb:rent directions, the MSC at low frequencies is sig-­
nificantly reduced [17]. 

12.2.2 The Reverb~ration Distance 

The coherence of the microphone signals depends on the amount of spatially 
uncorrelated sound energy and tfois also on the amount of reverberav;)d sound 
within these signals. The reverberation distance (1-1] 1 'rH, can be used to char~ 
acterize the ratio of direct sound energy to reverbe.ra.ted sound energy. ·when 
a sound som·c*'-· radiates sound equally under free field conditions in all spatial 
di.recUons, the energy density at the distance 

(12,3) 

has th(~ same magnitude as the steady-,state energy density w·hid1 is obtained 
when t.he same sound power is radiated in a :reverberant enclosure, iiAb de­
notes the .absorption coefficient averaged over all walls of the E'.ndosure. A. is 
the area of all of these walls, V is the volume of th(;: enclosure, and Tim is 
the reverberation time. The approximation on the right hand side of (12.3) 
is obtained when the reverb'E';rn:tion time is computed using Sabine '!i equa­
tion [14], which holds when liAt, is small compared to unity. Fol' an office 

I 
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12 Small Microphone Arrays with Postfilters 259 

room with V = 100m3 and a, reverberation time of 0.7s the reverberation 
distance is about rn ~ 0.67m, The dire<;t sound energy outweighs the rever­
berated sound energy when t,he receiver is within a sphere with radius 1'.ll -
The portion of direct sound energy in the microphone signaL<i is significantly 
increased if the sound source and the sound receiver have a pronounced direc­
tivity. For microphones with a hypm-r,ardioid sensitivity pattern the effective 
reverberation distance is approximately twice as large as the reverberation 
distance of omnidirectional receivers. 

12.2.3 Coherence of Noise and Speech in Reverberant Enclosures 

In this sociion we present and discuss coherence measurements for noise and 
speedl. signals. As we will see in Seetion 12.31 the two-microphone postfilter 
apprnad1 relies on a, low coherence of noise signals and a high coherence of 
the de-sired speoch signal. 

Coherence of Office Noise Figure 12.3 shows the coherence of the ideally 
diffuse sound field (solid) and the measured coherence of noise in a reve..rber­
ant office rm.)m (dot,t.ed), The noise in this room fa generated by comput(•.r fans 
and hard disk drives. The microphones have an omnidirectional directivity 
pattern. We find that the widt11 of the main maximum is well modeled by the 
coherence of the ideally diffuse sound field. To avoid coherent noise within 
the telephone bandwidth of 300 s; f $ 3400 Hz, the microphone distance 
must be larger than OAm. 

Coheren~e of Car Noise Figure 12.4 plots the coherence of noise recorded 
in a car. In this case the microphones have a, hypercardioid directivity pattern 
and were turned towards t.he dr.ivex by about 15 degrees. In accordance with 
Fig. 12.2 the application of din:,'Ctional microphon~.s n~sults in a significant 
reduction of the :MSC at low frequen<'ies. 

Coherence of Speech In contrast; to the spatially distributed noise sources 
of the typical, noisy environment (office or car), the nea1·-und speaker can be 
modeled by a point sonrce provided the microphones are loc.ated suffi.dently 
fa,r from the speaker:s mouth. The transmission of the speech signal from the 
mouth of the speaker to the roicrophones can be then described by linear 
trant.fer functions. 

The MSC as defined in (12.1) is invariant under linear transformations 
of the input signals [12]. The MSC of a single speaker in a noise-fri'B; re­
verb~)rant endosun1 should be therefore close to one regardless of whero th(~ 
speaker is situated with respect to the microphones and regardless of the re­
verberatfon di.stance. However, in_a practical application where the cohere11ce 
must be Eistimated fr.om finite signal segments the estimated coherence might 
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moo :woo 3000 4000 
f / llil, 

Fig. 12.3. Ooh<:'.:rence of the ideally diffuse sound field (solid) and measured co­
her<m.ce ( dotted) of office noise fur ou:midirectional microphones and mkrophone 
distan(;(',S dru!c:::::: 0.1:m (a), dmk ::= (L2m (b), dmk = 0.4m (c), an.cl dmk = 0.ti.m 
(d). 

be severely biased. If, for insta.nce1 the coherence is estimated by averagi11g 
magnitude squared DFT frames (periodogra.rns) the coherence estimate of 
reverbttrated speech is biased towards zero. The bias depends on the ratio 
of the blor,k length of the DFT to the length of the impulse re.sponse of t,he 
acoustic p,1<th1 and on the distribution of energy in the ilnpulse response [17]. 

Fiprre 12.5 plots the estimated coherence of a. speech signal uttered by 
a. speaker h1 a reverberant room (Too :::::: 0.7s) for omnidirectional and for 
hypercardioid microphones and three distances from speaker to microphones. 
To estimate the cohermwe, the speech signals were segmented into frames of 
128 signal samples at a sampling rate of is = 8 kHz. To improtte the rendering 
of the coherence plots, the signal £ram.es were zero-padded to a. OFT fran:i.e 
le:ngfa of 512 samples< A short term coherence estimate was then computed 
on the basis of short time averaged periodograms and the final coherence 
est;imate by long term averaging the short term coherence estimates. Ta.king 
the ditectivity of a hurnat1 speah.--er into account, the effective reverberation 
distance of this setup is about 0.9 m for omnidirectional microphones. For 
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12 Small Microphone Arrays with Postfilters 261 

1:---•"" ··~-~--~-~ 
i 

0,8 

1000 2000 3000 4000 
f / Hz 

Fig. 12,4" Measured coherence of :1.«Ase i.1, a car for hyperca:rdioi<l microphones and 
microphone di.stances dmk = O.lm (a), cl,,,;,,= (t2m (b), dmk = 0.4m (c), and 
dmi<o = 0.6m (d), 

the hypercardioid rnierophones the effoctive reverberation distance is about 
Ui m. We find that even when the speaker is well within the reverberation 
distance the coherence is significantly below unity. This is a result of the 
relatively large reverberation time and the small frame size of the cohenm.ce 
estimation procedure. The estimated colummce is less bias<s>d in en viwnmcnts 
with shorter reverberation times, e.g.) in a car. Nevertheless, it is important 
·that the speaker is located well within the reverberation distance since t-he 
coherence will be additionally reduced by ine,'Oherent ambient noise, 

Similar results are obtained when a. speech signal is radiated from a (small) 
loudspe,al,;:er of a hands-free <'-OmeMncing terminal into the acoustic environ­
ment. Since the foo<lbac.k of speeeh echoes via the noise reduction system to 
the far-end side is not desired, the e-0herence of these speech echoes should 
be low. They can be then treated in the same way as ambient noise. The 
coherence of the microphone signals in the presence ~,f speech echoes depends 
to a large extent on the placement of t.he loudspeaker wit,h respect to the 
microphones) on the directional pattern of the microphones, and the room 
acoustics, To increase the robust,ness of a hands-free eonfli":rencing terminal, 
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' 
0''-------'----'---
0 500 1000 1500 2000 2500 3000 3500 4000 

f / Hz 

1:<"'ig.12.5. Long t<>,nn speech spectrum (a.) and long tenn average oft.he MSC of 
a speech signal in an office room for omnidirectional (b) and for hypercardfoid ( c) 
microphones and various distances((--): OJi m; (-- ... ): l. m; (- - -): 2 rn) from 
speaker tn microphones. The distanc.e between microphones is OA m. 

the coupling between the loudspeaker and the microphonPll and the coherence 
of the spe(,>ch echoes must he minimized. This can be, for instance, achieved 
by using directional microphones and by placing the loudspeaker in the di­
rection of minimum microphone sensitivity, 

-262-

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 Sm.all Micrnphone Arrays with Postfiltcrs 263 

12.3 Analysis of the Wiener Filter with. Symmetric 
Input Signals 

In this section v,re compute the mean square error of tlm two--m.icrophone 
adaptive algorithm with symmetric input signals when the filter is adapted 
by means of tht~ unconstrained Wiener filter [18]. ln contrast to other \Viener 
filter optimization approac.:hes, we do not use the ut'J.disturbed desired spec.ch 
signal as a reference in the deri V"J.t.ion of the optimal filter. We show that 
the performance of the system can be characterized using the magnitude 
squared coherence (MSC) function of the microphont signals. The analysis 
supplements the coherence tnea.surernents of the previous sect.ion. 

For the computation of the lineax MMSE filter and its mean square errol' 
"\\<"e consider an IIR filter as shown in Figur<, 12.6a and assume that the input. 
signals :t:r.[k] = sn[k} + v,..[kl, n E {1,2}, a-re i;he sum of d.ean speech signals 
s11 [k1 and noise signals un[k], In Figure 12.6a, :i:2[k] = s2(k:]+1,:.1[k] is the input 
signal of the adaptive filter while x1 [k] :=:: s1[k] + u1[k} serves as a reference 
signal. Since both microphones pkk up speech and noise a.like, 1,he reference 
8igna1 contains not only (reverberated) speech but also noi1:m. 

The Wiener filter in Figure 12. 6a, minimizes -the mean square error 
Effn [k} - s[k])'.'1}, whe,,re s[k] is computed 1wing t.he 11on-causa.l HR filt;er. 
When the speech and the noise signals are statistically independent, th,! fre-· 
quency response of the Wiener solution is given by [18] 

Hw({})::::: ~lll.l>2\m ::::: J,~Hs2(:Q) + Pi,h12(il) 

l:i,2x2(0) P.~2s2l_lt) + .£;,,2v2(n) 

_ ;P-,1az(f]) + P._,1vi2(.(t) , 
Ps2a2\fl) + Pv:M(.Q) Pa2s2(f2) + P1,24i(n) • 

(12A) 

(12.5) 

which is recogniimd as a linear combination of two optimal subfil--­
ters, se,e Figure 12.6b, Hi.ovt(n) = Ps1s2(D)/P(l;2w2(a) and I:I..,,,pt(ll) = 
A1112(.0)/P,,,:i,r.2(0) are linear. MMSE cstimat.ors for the spee<:h component 
s1 [k] and the (undesired) noise component 'lh [k] of the reference signal tc1 [k], 
respectively~ The estimation error between the desired speech signal s1 [k] and 
the output of the Wiemer filter s{k] can the,'l•clore he written in terms of the 
estimation errors of the subf:llters 

(12.6) 

The overall minimum mean square error ca,n be then decomposed into 

E { e;{k}} :::: E { (s1 [k] ~ stk])2} (12. 7) 

= E { ( s1 [k] - ~1 {kl) s1 [kj} + E { t11[k1Yi [k]} (12.8) 

~ E {vf[kl} + E { ( s1[k] ·,--11[kl) st[k] }- E { ( v1[k] -0\[k}) v1(A:J?}Q) 
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(a) 

x.i[kJ 

Martin 

INg. 12.6. The '\Viener filter (a) and its sub.filter d-,;omposition {b). 

where we used E {~[k]} = B { v1 [k]iJ1[k]} which holds for the MMSE filter. 
Using Parceval's relation, the minimum mea,n square errors of t,he urK'On­

strained subfilters lisopt. ( D) and Hvor,t ( D) can be rewritten in tlw frequency 
domain as [18] 

and 

where P.,11 (,0) denotes the (cross) pow1~r spoctraJ density of the signals in the 
subscript. 
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Applying these results to (12.9), we obtain for the overall MMSE 

The representation of the MMSE in the frequency domain shows that a suc­
cessful application {Le. a small MMSE) of the two-microphone Wiener filter 
to the speech enhancement task requires a high correlation of the speech 
components s1 [k] and s2[k] and a low correlation of the noise components 
vi[k] a;n<l v2[k). In the following sections we consider two special cases. 

12.3.1 No Near End Speech 

During speech pause, s1 [k] = s2[k] 2: 01 th€ MMSE E { e~[kl} is given by 

The residual noise at the output of the optimal filter depends on the power 
spectral density ~,1111 (ft) of the noise and the colierence Ci,1v2 (D) of the 
noise components, 

12.S.2 High Signal to Noise Ratio 

If the microphone signals have a high SNR the MMSE can. be written as a 
function of the pow1?x spectral density of the speech signal and the coher­
ence Ct,;ii-, (it) oft.he speech components. The appro.ximations Ps2 s~ (ll) ~ 
Pv2v2 (D) and Ps,,s~ (.0) ~ !P,.,1 v:.i (!t)l2 lead to 

'iT 

E { e;[k]} ~ 2~ / P~isi (.0)(1- C,,ls:. (0)) d.l?. (12.16) 

··--·If 

A prerequisite for high speech quality is thus a coherence of the spood1 com­
ponents which is close to one. Incoherent speech components generated, for 
instance, by reverberation will be attenuated. vVhether this atte-.nuation con­
stitutes an improvement or a reduction of th() perceived speech quality de­
pends on the ratio of coherent and incoherent spooch sounds and the noise 
level. If the speC<"h components are less e,0herent than the ambient noise t.he 
SNR will not be improved. A sufficient anmunt of coherent speech is there-­
fore of paramount importance for a good perforrnance of the coherence based 
t\\-'O·•microphone speech enhancement system. The coheren<.:e of speech signals 
can be improved by using directional microphones, 
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12.4 A Noise R.eduction Application 

In this section we describe a noise reduction algorithm which is based on the 
Wiener filter as discussed in Section 12.3. The algorithm uses a time domain 
implementation of the Wiener filter and wa.c; developed for the voice intercom 
of a computed tomography scanner. 

The voice communication between a patient in a computed tomography 
( CT) scanner and the operator at the control desk is disturbed by acoustic 
noise which originates from the CT scanner. The acoustic noise in the gantry 
tunnel is due to numerous cooling fans a.nd to the rotating x-ray imaging 
system. To reduce the fatigue of the operator, it is very desirable to reduce 
the level of noise transmitted from th11 gantry of the scanner to the con­
trol desk Since the noise is highly non~stationary, single mkrophone speech 
tmhancemewt methods do not perform well in this environment. 

Figure 12:7 illustrates tbe application of the t,wo---microphone noise re­
duction aJ.gorithrn in the computed tomography scanner. The microphones 
which pick up the patient's speech .am mounted inside the gantry tunnel at 
a distance of 0.4 m. The :microphone signals are sampled and proee.'3sed on a 
DSP. The erl.hanced sign.al s[k] is then played back on a loudspeaker at the 
control desk. 

12.4.l An Implementation. Based on the NLMS Algoritlun 

Figurn 12.8 sho,.vs a block diagram of the time domain implementation. 
The microphone signals a.re bandlimited to 3600 Hz and sampled ·with 
fs = 8000 Hz. Preemphasis filters white:n. the in.put signals and thus im­
prove the convergence of the adaptive filter. They also help to improve the 

prompt 
memory 

noise 
redud\ion 

2 microphones 
dmtc = 0.4m 

Fig. 12. 7 • . Application of the two.-microphone noi,;e reduction systcm fur voice com­
munication in a comp1-,ted tomography scanner. 
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12 Small Microphone Arrays with Postfi.lters 267 

estimation 

Fig, 12.8. Block diagri.un. of the t.wo--microphone noise reduction system. 
LP: iowpa.ss filter, HP: highpass filter, .L\T = 'I' - r. 

reproduction of high frequen.cy speech components in a fixcd~point imple­
mentation. 

An adaptive time delay estimation algorithm compensates time delays 
bet\ve•>,n the two input slgri.als. The time delay compensation is bMed on the 
correlation of the two microphone signal.c, and on the SNR. When a high 
SNR. is detected, a recursively smoothed correlation function is searched for 
maxima and tfa.! time delay is determined [17]. To avoid noticeable lowpass 
or comb-filtering effticts, the magnitude of the delay error after delay com~ 
pensation should be smaller than 1/(4f,,), 

The spectral density and the coht.>.r~nce 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 inco• 
herent signal components (noise and reverberated speech) and passes highly 
coherent speech signals. Processlng the frequency ba.nd below 800 Hz with 
this adaptive filter would result in noticeable fluctuations of the residual 
noise. These fluctuations are ca.used by the correlation of the noise signals at 
low :frequendes. The noise in the band between '.MO and. 800 Hz is therefore 
suppressed by an adaptive scalar factor b(k]. This factor is controlled by the 
speech activity of the person inside the gantry tunnel. The spooch activity is 
determined by the SNR estimator which is also used to increase the robust­
ness of the time delay estimation alg,-orithm [19]. The frequ<'.ncy band below 
2'10 Hz is attenuated by 20 dB by mem1.<i of a second order recursive highpass 
filter. The deem.phasis filter at the output of the speech enhancement sy$tem 
restores the spectral characteristics of the speech signal. This noise reduction 
system is currently used in the Siemens SOMATOM PLUS 4 CT scanner1• 

l Siemens and S0MATOM PLUS 4 arc registered trademarks of Siemens AG, 
Gt>Xm.aJ.ly, 
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The computational complexity oft.he algorithm is :a,bout 10 MIPS on a 24 bit 
fixed-point DSP. In what follows we briefly d~x,eribe the algorithm. 

12.4.2 Processing in th.e 800 - 3600 Hz Band 

The \.Vienf',r filter is approximated by two a:ntiparaJk.J Jirw.a.r phase NLMS 
adapted FIR fi.ltcrs (see Figure 12 .. 8). The adaptive filters with the coefficient 
vectors hi[k] and h2[k] of order LJ:J = 64 are updated using a linear phase 
version [20] oft.he NLMS algorithm (Tff = Lrr/2), 

(1 + JR) Yh~prel [k] } 
h1 [k + I] = h.1 [k] + 01~1 [k] T [k] [k] ( 12.17 

1/hpprel 1/hpprel ' 

(I+ JR) Yhppre2[k] 
h2[k + 1] = h2[k] + ue.2[k] T rk] [kl i (12.18) 

!hpJ-)M2l • 'Yhppre2 

where 1 denotes the identity ma.trix and 

JR= 

0 0 0 .. 
0 0 .. 

1 

0 .. 

l 

l 

1 
(l 

.. 0 
.. 0 0 

.. o o o_ 

{12.19) 

denotes a modified reflection matrix. The error signals ei[k] and e2 [k] are 
given by 

and 

ei[k] = 1/hppre2[k -TII] -yi;pp:re1[k]h1[k] (12.20) 

e:.i[k] = Yhµpre1[k -Ty}---~ Y~vrn2[k]h2[k] , (12.21) 

Yhppre:t[k] = (Yhppre1[k], •·•,Yhpprel[k - L11J) T 

l/hp1-m~2[k} = (Yhi:,vre2[kj, ••• , tlhppre2[k - L11]) T 

(12.22) 

{12.23) 

denote the data vectors of the filter input signals. a ~ 0.1 is the stepsize 
parameter of the NLMS algoritlun. Because of the symmetry of the coeffiderrt 
vector updates (.I+ JR) Yhppre1[kJ and (I+ JR) 1/hppre2[k] and a. symmetric 
initialization, the coeflident. vectors ht[k+l] and h2[k+l] are symmetric for 
all k. Therefore, only the first half <.)f the vectors :need to be adapted. 

To filter the combined input signals of tln1 upper band, (Yhppre1[k] + 
Yhppre2[k])/2, we use the mean of the t,vo adaptive coeffident vectors h 1[kj 
aud h2[k] and au additional smoothing window w = (woiW1, ... ,wr,a)1 ' 

(12.24) 
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12 Small Mkropho.ne Arrays with Post.filters 269 

The symbol ® denotes the pointwise multiplication of two vect,ors. The win­
dow function is used to smooth the frequency respons(i of the adaptive fil­
ter. A Kaiser window [21] with a shape pararneter /1.Kai,,cr in the range of 
3 .$ fJKaise.;· s 5 result;g in good spmich quality and increased noise reduction. 
Since the coefficient vectors h 1[k] and h~[k] represent linear phase filters, the 
averaging of the vectors ht[k] and h2[k] in (12.24) yields an average of the 
amplitude spectra of these filters without errors due to mismatching phase 
spectra. 

12.4.3 Processing in the 240 - 800 Hz Band 

The attenuation factor b[k] (bm,n s b[k] :5 b,,.,,..,) is controlled by a speech ac­
tivity detector and adjusted according to the estilnated SNR \Vhenever the 
estimated SNR. is below a preselect,ed threshold the attenuation is slowly and 
successively increased until a :r.uaximu.m attenuation of 40 dB ( corrospond­
ing to bmin = 0.01} is readied. Vlhenever the estimated SNR is above the 
threshold the a.uenua.tion is rapidly decwased to a minir.uum value of 3 dB 
(br1u1w = 0,5). The SNR threshold is set to 3 dB. Thus, the attenuation factor 
b[k] is computed using the recursive syst,em 

b(k + l] = /_i[k]111 + bmaor: (1 -/31) 1 SNR > threshold 
b[k + l] = b[k],82 + bmin (1 - 132), SN R :5 t.hreshold. 

(12.25) 
(12.26) 

The smoothing constants /31 and fh am set to /31 = 0.9996 and /3-:t = 0.99999. 

12.4.4 Evaluation 

We assess the perforrnanee of the noise reduction algorithm in terms of 

• distortion of the spee(',h signal; 
• noise reduction du.ring sptiech activity; 
• noise reduction during speech pause. 

These criteria can be measured during simulation of the speech enhancement 
system.. For the purpose of r:nea.suring the above properties, the adaptive filter 
is duplicated such that th€ undisturbed speech signal and the noise signal 
can be processed independently [22]. Figure 12.9.a outlines this approach. It 
requires separate recordings of the noise and the speech signals. 

The speech signal distort.ion can then he mf:.at.ured as the segmental SNR 
of the filtered signal sik] with respect to the unprocessed delayed speech 
sigual s[k - TH] 

K-1 

SEOSNR;_ 8 = ~ L max (SNR~---·s (m) ,0) 
m=O 

(12.27) 
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270 Martin 

with 

(12.28) 

i\,1 denotes the segment length and K the number of segments. To reduce the 
influence of speech pauses, we ave.rage the SNR of only those speech signal 
frames which exhibit an SNR larger than O dB. Since we use a. linear phase 
filter, the segmental SNR measures the amplitude distortion of the speech 
signal and is therefore well correlated with perceived distort.ions. 

The attemiation of the noise signals during speech actlvity l°'v'R,wu.,e and 
during speech pause N Rp .. use is measured as the power ratio of the noise 
signals before and aJler the adaptive filter 

(12.29) 

(12 .. 30) 

where P11 [k] and A;[k] denote the average pow"er of the unprocessed and t,he 
processed noise signal, respectively. },;[k] denotes the short tf>.rm pov.-er of the 
speech signal. 

-10 . 0 10 20 

SNR / dB 

I<'ig, 12.9, Method for computing objective measures (a). Distortion of speech sig­
nal and noille reduction during speech activity a.nd during speech pa.use vs. input 
SNR of the adaptive filt,er in the upper band (b). Step size: a :;;:;: 0.1, filt.er order 
Ls =64. 
(·•-): Segmental. SNR of speech;.(·••,•): noise attenuatkin during speech pause; 
(---): noise reduction during speech activity. 
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12 Small Microphone Arrays ,vith Postfiltors 271 

Figure 12.9b plots the objective measures as a function oft.he input SNR. 
For this experlmm1ts, adaptive filters of order Ln = 64 and a. rectangular 
window w were used (equivalent to fJK"taer = O). It can be seen that the 
speech signal distortion increases as the input SNR decreases. \VheJ1 the in­
coherent noise becomes domin,wt at about O dB, the speech SNR significantly 
degradrn:1. The noise reduction dur.ing speech pause is about 5 - 6 dB. It can 
be improved hy 2 - 3 dB if a tapered smoothing window is used. The overall 
noise reduction du.ting speech pause including the adaptive scalar weighting 
in the lower band and the hit~hpass filter is about 1.4 dB during speech pause. 

12.4.5 Alte:ruative Implementations of the Coherence Based 
Post filter 

The speech enhancement system as outlined above exploits the coherence 
properties of the microphone signals. Coherence based noise reduction sys­
tems can be also implemented in the frequency domain [3,9,5,6]. Since the 
coherence based approach does not rely on an explicit noise power spectra.I 
density estimate, the performance of these systems is limited. by the coherence 
of the noise and the speech signals. To im_prove the noise reduction e1:ipecially 
for low frequencies 1 the combination with spectra.I weighting techniques has 
been proposed. In [5] the coherence funct.ion is aJ.so employed to deted; speech 
pauses a:nd to enable noise power spoct.raJ. estimation during speech pauses, 
In [23] the cross power spoctral density of the microphone signals is u .. <ied to 
d0,rive an explicit noise power spectral density e,qtimate, which is then ttsed in 
a two-channel spectral subtradion. Combined with small superdirective end-· 
fire arrays, this system fod to significant irnprovem.ents of spErech intelligibility 
in conjunction with cochlE>-,a,r implants [24]. 

1.2.5 Combined Noise and Acoustic Echo Reduction 

A hands-free conforendng system. has to cope not only \\1th ambient noise 
but also with acoustic echoes. The fePAback of the far-end speech signal via 
the loudspeaker, the room, and the microphone (the "LRM system'') back 
to the fa.r-end side necessitates an echo suppression device to gu.arantoo the 
stability of the electro-acoustic loop and to supply sufficient echo reduction. 
\Vhlle the stabiUty of the electro-acoustic loop can be treated as a control 
problem, the echo rnduct.ion aims at r:naking the t'f,ho imperceptible. The echo 
reduct.ion problem is the.refore closely linked to psychoacoustics1 especially to 
masking effects in t.he human auditory system. 

The noise and the echo reduction problems were addJ:essed independently 
for many yea.rs (see e.g. {25 28] and [2\J,30] for reviews of these methods). 
Tl) achieve optimal performance it has been rocognized, however, that the 
echo control and noise reducti.on problem should be tackled in a combined 
approach (31,8,32~<Hj. The combined treatment. yields algorithms whkh de­
livflr better. p€1rforrmmce at lr.ss computational costs than systems based on 
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(a) 
EC/NR ____ ..., ,_ ___ _ 

Ed1.o ···t Echo+Noise D[k] 
p: Cancellation • Reduction 

[ll--l·······--------a:--[k_] 

(b) 
NR/EC ------ ----......... 

Edto+Noise 
Reduction 

Echo 
Cancellation 

s{k] -
Fig.12,10. Proce.sing options for combined systems: EC precedes Il.'NR (a), E.,,'\l'R 
pre..cedf\'! EC {b ). 

separate algorithms [8,35]. In this section we V!1ll outline one solution to the 
combined echo a:nd noise reduction problem and show how the coherence 
based noise reduction postfilter can he extended to ad1ieve a high level of 
echo reduction. This requires the integration of echo cancellers into the two-­
microphone speech enhancement system. 

\\'hen acoustic echo cancellation is combined with an echo and noise re-­
duction postfilter it must be asked in which order these t,wo processing opt'-.ra­
tion.1 shottld be performed [36]. Figures 12. lOa and 12.10b depict two principal 
r.ases: the configurat.ion EC/NR where the amustic echo cancellation (EC) 
precedes a speccl1 enhancement postfilter (NR)) and vice ve,rsa1 the configu­
ration NR/EC. 

Although the echo canceller ca11 benefit from the noise reduction in the 
NR/EG configuration; there are good reasons why the configuration of Fig­
ure 12.10a, where the ocJ:10 cancellation precedes the :noise reduction, is prefer­
able. The main advantag-e of the EC /NR configuration is that the noise re­
duction post:6.lter is not preoonted with the disturbing a.nd possibly highly 
coherent echo that is found in the microphone signals an.d that there is no 
time varying noise reduction filter in the echo path. Besides that, if the echo 
cancell<>.1· does not deliver sufficient echo atte:nuatlon., the residual echo can be 
trea.ted similar to the back.g:rou:ud noise signal and can be further attenuated 
by the posdUter. This idea is successfully exploited it1 a frequency selective 
echo reduction k>chnique, called echo shaping [371, which does not require 
"..omplete cancellation of the echo by the echo canc<'1le.r. Instead, the tot.al 
echo attenuation is split between the echo cancdlers and the postfilter. A 
disadvantage of the EC/NR approach is, however, that it requires cancella.­
t;ion of the microphone signals of the array by individual cancellers. 

The combination of acoustic echo cancellaU.ou ,vith an adaptive micro­
phone array is a. challenging: task by itself [38--40]. If we provide a can.cellar 
for each microphone channel, the echo cancellers converge as "'~11 as in the 
single microphone case. However, the computational load may he too large. 
If a single echo cancellex is placed after the summation point of t.he arrayi the 
adaptation of the echo canceller might be severely disturbed when the look 
direction of the array is adapted to the speaker position. 
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12 Small Microphone Arrays with .Postfilters 273 

a[k]z1[kl + (1 - a[kl)ei[kJ 
I ,-'-_-_:_:_:_:,:;--' 

P: ···············---.....i 
Xl I 

adapt 

c1[k] 

estimation 
of 

time delay 
dilfere:o.ce 

T 

.·~] 
• ht . 

I 

I ,/ 
1,/!i 
l 

().5 
to fox 
speaker ----t 

coeffide:nts 

Fig.12.11. Block diagram. of the t-wo r.uir-.wphone combined echo and noise reduc­
tion al,go:rithm. 

To a:void the adaptation and the complexity problems, we adopt a strat• 
egy as follows: The edw cancellers are placed at Hw microphone inputs but 
they are equipped with a reduced number of filter ta.ps. The echo attenua­
tion of the cancellers will be reduced hut since they have fewer filter taps 
their speed of convergence ·will be improved. Tlw reduced echo attenuation 
of the echo cancellers is compl'..nsated for by the array gain [41] and the noise 
reduction postfilter which will also reduce acoustic echoes, especially the in­
coherent late revm:beratfon portion. To irn.prove the echo suppression, we 
apply additional echo attenuation in the postfilter by using the echo shap1>ag 
tt>ehnique for the postfilter adaptation. The echo shaping technique attenu­
ates only those n:equendes for which the echo dominates the near-end signal. 
lt leads to significantly increased echo attenuation, to acceptable near-end 
signal distortions during dot1ble talk, and to modest computational demands 
as compared to single--micmphone speech enhancement systems. 

Figure 12 .. 11 depicts a block diagram of the combined echo and noise 
reduction algorithm. The cancellers at the n1icrophone inputs iue NLMS 
adapted FIR filters with adaptive stepsize control [4.2]. The edw cancelled 
signals are Um(➔ delay compensated< Because some of the echo is incohesi·Emt, 
the noise reduction. postfilter will -a1so r1:du<XJ acoustic echoes. To amplify this 
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274 Martin 

effe<:t and to rnduee coherent echoes, the amount of echo in the inputs of the 
adaptive filters is deliberately increased by using a linear combination of the 
mkrophone signal x,..[k] and the echo compensated signal en[k] as an input 
to the adaptive filtel'S. The reference signal of the adapth-e :filters is the P,cho 
comptlnsatt1d signal of the other microphone channel. Neglecting the time 
dt~h1y compe1waticm (or letting 7· .:::: T), the input to tht, adaptive filter h2 is 
given by 

z1 [k] = o[k]xi[kJ + (1- a[k])e1 [k1 
= 81 [kl+ th [k] + d1 [k] - (1 - a{k])d1 [k] 1 

(12.31) 

(12.32) 

where d1(k] denotes t,he echo signal and Ji[J.] the echo esfanate of the ed10 

canceller. The linear combination is cont.rolled by the tim.(i varying factor a[k]. 
For a[kJ > 0 there '\\ill be more echo in the input signal of the adaptive filter 
than ln the reference signal since the reference signal is the echo cornpensated 
signal. To match the echo level of the reference signal, the adaptive filters 
will attenuate the echo if it dominates the near-end signals. Therefore, this 
meduuilsm provides for additional echo attonua.tion whenever the echo is 
di.si;urbing. An algorithm for t.he adaptation of the ''mixing factor;i a[k] is 
outlined in f 17;. 

12.5.l Experimental Results 

The two-microphone algorithm as e:i...:plai.ned a.hove was evalua,t,ed in a desk­
top conferencing experiment. Since we aim for low cohm·enco of the acoustic 
<,>{',hoes and high inherent robustness, the .acoustic int.erfa.ce was designed such 
that there is little coupling between the loudspeaker and the microphones. 
Also, to increase the performance of the system, directional microphones or 
isxnall superdirective end.fire arrays [43] should be used. Figure 12.12 ('.xplains 
the experime:ntal setup. The nei.,.:Mmd speaker ~md the microphones are placed 
at a. table in accordance with ITU-T t(.>eommendation P.34 f44]. The micro--­
ph()nes ha.ve a hyperca.rdioid directivity pattern and the loud.speaker is placed 
in a direction of low sensitivity of the microphones. The specific arrangement 
of the mkrophones and t.he loudspeaker combined with the gains of the loud­
speaker .and the mic.rophcme amplifiers re.suited in an echo return loss of 9 dB. 
A siinilar setup ( with similar results) was also used in a car. In this ca.':!o the 
two microphones wf'xe mounted at tlm sun visor and the loudspeaker was 
attad1ed to the dashboard. 

Figure 12.13a plots the echo return loss enhancement, (ERLE) for single 
talk and a stationary LRM system a.<i a function of the number of compen­
sator tap,'3. For a [k] s O; thu postfilter reduces noise and incoherent echo 
components only. The additional echo reduction. delivered by the postfilter 
is then about 6 dB, independent of the compensator order. A significant in­
crease of the echo attenuation is achieved when the echo shaping algorithm 
is turned on (a[k] adaptive). It can be shown with the noise-free case that 

-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 Anays with Postfilters 275 

for a [kl = l the postfilter delivers the same amount of et.ho suppression as 
the echo canceller alone [17]. Hence, the slope of the ERLE vs. compensator 
order plot is about tvdce as steep as the slope of the plot for the echo canceller 
only, Figure 12J.3b plots the ERLE as a function of the SNR. Again we find 
a significant increase of the echo attenuation for the echo shaping t.eehnique. 
Fbr double talk most of the echo reduction is delivered by the echo canceller 
since the coherent near~cnd speech is passed by the :filter, Only for frequen­
cies where the residual echo dominates the near-end signal is significant echo 
reduction applied. If the far-end speaker is n()t active (no echo) 1 the combined 
system behaves l~a.ctly like the t,vo-m.icropbone noise reduction systems of 
Section 12.4.1. For the office situation the average noise reduction is about 
10 dB. 

12.6 Conclusions 

This chapter has presented a two-microphone postfilter approach to noise 
reduction and to combined t.>cho and noise reduction. It was shown that the 
performance of these systems is dosdy linked t,<.) the spatial coherence of 
the speech., the noise, and the echo signals. The coherence based processing 
is useful only above a cut.off frequency whir.h depends on the microphone 
dist.a.nee. However, as a high coherence of the Sp(}fJ('.h signal is also of great 
importance, the microphone distance cannot be made arbitrarily large. Best 
rmmlts are therefore obtained when 1:nic.:rophones or small (endftre) arrays 
with a high directivity are used in conjunct-ion with the proposed postfilter. 

near-end 

speaker 

Fig.12.12. Setup of the nea:Mmd speaker, the microphones, and the loudspeaker 
for co11feret1.dn.g experiments. The microphones have a hypercardioid directivity 
pattern. 
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276 Martin 

The array and postfilter approach has been successfully deployed in the voice 
intercom of a comput;ed tmnography scanner. 
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15 Speech Recognition with ]\.,fic:ropho:ne 
Arrays 

Maurizio Omologo, Marco Matassoni, and Piergiorgio Svaizer 

I'I'CJ~IRS'f (lstituto per la R.icerca. Scientifica e Tecnologica.), Povo ('lrento), Italy 

Abstrad. Microphone arrays can he advantageously trm.ployed in Automatk 
Speech Recognition (ASR) systems to allow distant-talking intA>xaction. Their beam­
fonning capabilities are used to enhalKe the speech message, while attenuating the 
undesired contribution of environmental noise and reverberation. In the flrst part 
of this chapter the state of the art of ASR systems is briefly reviewed, with a par• 
ticular concern about robustness in distant-talkt>x applications. The objective is tho 
reduction of the misr.uatch between the real noisy data and the acoustic models 
used hy the :recognizer. Beoo:uforming, spooch enhancement, feature comp(>.nsation, 
and model wiaptatkm are the techniques wiopted to this end. The se<:-<:ind part 
of the d13:pter is dedicated to the description of a microphone-array baaed speecll 
recognition system developed at ITC.rRST. It includes R linear a,rra:y heamforme:r, 
an acoustic f.ront-<-.nd for speech activity detection a.nd feature extrac.tion, a recog­
nition engine bMed on Hidden Markov Models and the modules for training and 
adaptation of the acoustic r.nodels, Finally the performance of this system on a 
typical re<:ogn.i.tion task is reported. 

15.1 Introduction 

During t.he last decade research on ASR technology has :made significant ad·· 
vances. As a result, high performance systems a:re now available for situ.ations 
,•.rhe.re there is a good matd1 between testing and t:raining conditions [1,2]. 
However; these same systmns tend to suffer from a limited robustness to 
variability in their operating environment [3···8]-

0ne of the most attractive potential foatt1r(%1 of ASR technology is the 
flexibility afforded through hands-free int.eraciion. Not being encumbered by 
a hand-held or head-mount.ed rrtl(,-rophone may be of considt:rable utility to 
the user. Of particular concern is the distanU,alker case where the user is 
b(iyond the nonnal acquisition range of the system mkropho:o.e1 ( e.g. at more 
than one meter in the case of an omnidirectional microphone). For ASR 
applications of moderate/high language complexity this represents a. very 
arnbi.tious task. 

The development of distantwtalker ASR \\i.11 allow for the e.'i:pansion of 
voice act.ivated t.echnology into a number of meas where it has until now 

1 The distinctions among different t)1)€S of microphones will not he treated h.ere. 
However, the choices available and their relative characteristics shiJuld he specif­
ically a<ld:ressed in the design ·of the application. 
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332 Omologo et al. 

been in.effective (e.g. noisy offices or factory floors) and will improve its fnnc~ 
tionality for applications where it has already seen some m,e (e.g. computer 
dictation or the home). In the first example1 voice :messages of a varying na~ 
ture would ha:1re to be n,>cognized as isolated word cornmands in:unersed in a 
background of :multi-talker speech and noise. '£he second example involves a 
rather dean environment; but a large vocabulary of words to identify. 

In the real-world applications it would also be :necessary to ac.cotmt, for 
various factors related to the means of interaction, The talk"<'..r's position may 
be unknown and time-varying in an unpredictable fashion. Because of sound 
attenuation and talker radiation effects, the quality of the input signal may 
be influenced by tfv~n suhtfo head movements, Moreover, eJ1vironmenta1 noise 
and room acoustics µlay an important role, especially in the case of highly 
reverberant conditions and un~'tationary noise sources. In the most adverse 
noisy conditions, a talker will tend to speak more loudly than usual and 
thereby modify the underlying characteristics of the speech signal produced 
relative to normal speaking conditions, This is known as tho Lombard ef­
fect [9]. Additionally, when the language/dialogue model becomes more co:m­
plex1 the variability in talking style may increase and one can cx:pect that 
t.he talker will often sp0...a,k in spontaneous mode. 

For these reasons and others1 there are many challenging and as yet un­
solved problems in thi.,:; field. In the last few years, some work has been 
devoted to the application of multi-microphone based processing for dist.ant­
talkcr spe,ech recognition. Compared w the number of labs working on im­
proving the robustness of siugle--c:hannel ASR systems, this effort is relath't'1y 
smal.L This fact may be due to the indpient nature of microphone array 
ted1n0Jogy and. the increase in hardware complexity that is :required for a 
rnulti-channel front-end. However, judging by the advancements in ASR per­
formance that may be attributed to improvements in input signal quality 
brought about by mkrnphone array processing, t;his work is well justified. 

The ren1aind0,r of this cha,pter is organized into two sections. 'The follow­
ing section sumn:w:izes the current stat.e of researrh activity in the field of 
ASR, pa,rticulady with regard to the dista.rrt-talker situation. The final sec., 
tion details a specific microphone-array based recognition 1:ryst:em, namely ari 
Italian language recognizer developed at ITC-IllST, 

15.2 State of the Art 

15.2.1 Automatic Speech Recognition 

Automatic speech recogniti<m can be viewed a.,, a problem. of conversion from 
spooch into text by a decoding process tha,t involves sever.al processing stages, 
The characteristics and the difficuky of an ASR application differ substan­
tially based upon ,>tJ,rious features. These include vocabulary size and confus­
ability, speaker independenct\ language complexity) and input speech quality. 
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15 $pooch Recognition v.'1th Microphone Arrays 333 

:i!~ig. 15.1. Gcn~.ral b1odt diagram of a pattern rec<ign.itio.n based ASR i:i.}'l'!tem. 

Research on ASR. has be\~n conducted for more than four decades. The 
related literature is very large; good ove.rviews of the most significant achieve­
ments can be found in [1,2]. Many diflimmt techniques for ASR have been 
investigated. Currently, the most widely used approaches arc based on some 
form of statistical pattern recognition. Thanks to these modern met.hods, 
the growth in hardwa.re capability, a.:nd the availability of very large speech 
corpora ior t,raining, the la.st decade has witnessed high level performance 
achieved. on recognition tasks of progressively increasing comple..·xity. 

The purpose of this section is to give a very brief introd11ction to the basic 
problem and to the most common solutions which have been adopted, with 
specific reference t.o the distant talker problem. 

Pattern :recognition based ASR A general block dl.agrn.m of an ASR 
system based on t.he pattern recognition approach is shown in Figure 15.L 
It. is a.qsnmed that the speech message has been transduced by a microphone 
into an elect1ical signal and th€n converted into an equiV'alent digital repre­
sentation with an adequate sampling rate and quantization level (e.g, 1(1 kHz 
and 16 bit, respectively). In general, at a preprocessing level ASR systems 
include a pre-emphasis step in the form of a single tap high~pass :filter. The 
goal of which is to emphasize high-:f.reque.n.cy formants which typically have 
a reduced mag1.1itude due to a negative spectral t.i.lt in the speech signal, 
particularly voiced sounds. 

A speech activity detection pro(:ess1 also called End-Point Detec­
tion (EPD), is employed to isolate spel:',eh events from other segmcmts and 
ba.t:kg:round noise., Several techniques am avail.able for EPD, e.g. [lO-···l•i]. 
Theoo are usually based on criteria such as short-term energy and z~.ro­
crnssing rate. Howeveri they may also rely on the same acoustic foatures 
used during the recognition process. 

The objective of Feature Bxtraz:tion (FE) is to convert the input signal 
into some form of compressed parametric representation. The most common 
examples of FE are based on short-time spectral analysis. Speech can be 
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Fig. 15.2. Block diagram of the computation of Mel-based ce:p.'-ltral coefficients. 

considered statistically stationary over short periods of time ( a few tens of 
milliseconds). As a consequm:1eet the analysis frame size employed rot FE is 
g;e.nerally over 11:i ms with a. step size in the range of 5-30 ms. The FE process 
produces a sequence of vectors of dimensionality uon:naily ranging between 
8 and 12. These vectors are frequently augmented by induding data to char­
acterize the first and se<:ond order time dorivathres of the given features. 

A number foature sets havt'i been investigated for ASR. Popular ones in­
clude Mel-scaled Cepstral Coefficients (MCC1s1 (see Figure 15.2), LPC coef­
ficients, PLP t.nefllcients [5,15]. Currently, MCOs are the most widely used 
acoustic f.e-.atures for ASR. Figure 15.2 outlines their method of production. 
Basically, a triangular filter-bank is applied to the output of a short~term 
spectral analysis. The logarithmic-like 1'1el scale models the frequency reso­
lution of the humane& and for this reason is preferred to a lin(}<;1.t scale in the 
:filter-bank. A Discrete Cosine Transform (DCT) is then applied to decorre­
la..te the log-filter-bank output. The result.ing MCC's may then be statistically 
modeled through GaussiaJts with diagonal covariance matrices. This property 
is useful in the case of HI\1M-hased recognition discussed below. 

Note that non-linearities and approximations are included in the process­
ing that derives the acoustic features from the signal or its power spectrum 
representation, For instance, the output of the filt.er-bank used for M CC com­
puta,tion provides a rough approximation t.o the FFT-hased spectral analysis 
method. As a consequence, when a.ddressing the impact of!nicrophone arrays 
to distant-talker ASR, it is possible that improvemP,nts in signal qua.lit,y pro­
duced by the array processing may be rendered ineffective during succt>.ssive 
stages of the recognition chain because of these approx:imatfons. 

In the pa;ttem recognition approach to ASR, the acoustic feature vector se­
quence derived frorn the unknown speech is compared to the foa.ture sequence 
of reference speech, Among the various ways to perform this comparison, 
three methods have boon primarily utilized: Hidden Markov Model (HMM), 
Dynamic Time Warping (DTW), and Artificial Neural Networks {ANN). A 
detailed discussion of these techniques, the functional relationships between 
them, and the hybrid solutions which have bt>en studied (e.g. ANN/IThfM) 1 

goes beyond the scope of this chapter and can be found in [1,2). 
The literature reports tha.t for simple tasks ( e.g. conneded digit recogni~ 

tion) in controlled an<l matched environments (Le. the user interacts with a 
dose--talking microphone and the system has been trained on dean speech), 
satisfactory .recognition perfonnance can be obtained using any of the above 

-334-

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



15 SpMch Recognition with Microphone Arrays 335 

Fig. 15.3. Concat(mation of three HMM-based phon<• models, clwxacteri:wd by a 
left-to-right thme--state topology. 

methods. However, H!vfM's are currently considered to be the most e:ffoct.ive 
and stable framework for speech modeling in a, general context. This is par-­
ticularly the case for large vocabulary tasks and when st~i.tist,ical language 
modeling as Wf!ll as integration of the recognizer with a dialogue manager a.re 
requirnd by the application, As a consequence, the remainder of this cl1apter 
will assume the use of HMM's as the means for pattern classification . .Ac­
cordingly, It will be necessary to present a modicum of detail regarding the 
procedure, 

HlV[M framework In the statistical. A.SR paradigm, a generic utterance 
consists of a sequence of unknown words and the recogniz-er finds the most 
probable vvord string, given the observed foai;ure vector sequence provided 
by the front-end processing. HMM's serve as the statist.ical model used to 
classify the utterances and quantify their observation probabilities. 

Bayes' rule is used to decompose tho requ.in~d probabilit;y into two com­
pon~nts: the a priori prohabil.ity of observing the sequeru::<i of words (the 
"language modeF') and the probability of ohs<:>..rving the feature vector st~· 

quence given that word string (the '1aooustk model"). 
Each word is represented by a chain of basic sounds called phones. An 

HMM i.s adopted for e.ach phone. In practice, the model consists of. a numher 
of states with the sequencing through them determined by a set of transition 
probabilities. Ea.ch state produces observations which are charac::t1,,rized by a 
set of state-dep(',ncfont observation i,ia.tistics, These are frequently modeled 
as mixtures of Gaussian densities. Figure 15,3 shows an exw.nple of a three­
state, Markov model. In this case the non-zero transition probabilities are 
constrained t.o produce a left-to-right topology which is very common in ASil 
applications. 

The Training Problem involves learning the appropriate HMM parmnetc.rs 
given a referem::e ensemble of feature sequenc.es associated with the dt\sinxl 
word. An efficient procedure known as the Baum-Wekh .algorithm. is available 
for this purpose. Tor what concerns th<~ Scoring Problem during recognition, 
once the most likely state seqmmce is selected, the rel.·-i.ted recognized text 
is provided. The Viterbi algorit;hrn is commonly used to efficiently eva:luate 
word string likelihoods. 
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in~ut 
;;lgmil, 

":. .... , ................. . 

featurelmmkl space 

Fig. 15.4,. Block diagram of a robust ASR system c,perating in an adverse envi­
wiunent. Highlighted blocks, operating either in tJ1e signal spare or in the fea~ 
ture/model space, contribute to redu.ce the misn1atch. bet\"l.~en noiay data and the 
acoustic models u&.-d by thti recog:uuer. 

For a more thorough development of HMM theory a:nd practice, see [16]. 
As to the nwn concerns of this chapt(',r, note that the theory of HMM and 
its application to A.SR are based on a number o:f signal assumptions, among 
which is that of stat.istical independence of the observations over time. This 
is not. satisfied in many cases, particularly for speech acquired in the presence 
of noise and reverberat.fons, 

15.2.2 Robustness in ASR 

The crucial aspect for most ASR teclmiques is robustness. In practice, perfor­
mance very often degrades tapidly when these systems are used with speech 
input taken from a noisy environment or, in general, with speech input hav­
ing characteristics which differ from those observed during the training phase. 
Mismatch between training and test conditions can be caused by mauy fac­
tors. Some examples are background noise, trn.nsducers, channel noise, inter~ 
speaker variability, and spontaneous-speech ph<>.nomena. Hence, flexibility 
and robustnrn;s with respect to these srn1rc€S of variability is one of the main 
objectives of current ASR research [3-8]. Generally, the training of speer,h 
recognizers is accomplished by using larg(~ speech corpora. In principle, for 
eaeh noisy environmental condition and, in this case, for each microphone 
and talker position~ a specific corpu.,; should be used. This solution being 
i:mpraeticaJ, a fundamental task for researchers and technology developers 
hecome.<:1 that of exploiting M much as possible from existing· corpora, tools, 
techniques, and a priori knowledge, in order to build robust recognizers. 

Current approaches to improving robustness of noisy speech recognizers 
can be classified into a number of categories as reported in [4,7,17]. Four of 
these general approaches (signal enhancement, feature compensa.t.ion, model 
adaptation, and noise contamination) are summarized below. Figure 15A 
shows how those methods may be introduced as modules into a generic HMM­
based architecture to improve system robustness. 
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Enhancement techniques are used to increase the quality of t,he signal 
provided to the recognizer [18-21]. Their impact, on ASR is not obvious. 
There is no direct relationship b<:Jtween the SNR ( or pel'ceptual quality) of the 
resulting signal and speech recognition perfonnance: even when the recognizer 
is trained using the same preprocessing. ln this regard, a further critical 
issue is that of end-point detection. Several algorithms (generally based on 
energy-thresholding techniques) have been proposed, w:hkh can be ~'>plied 
suceessfully with a SNR as low as 10 dB. Bowever, :most of these algo1ithms 
generally become unusable with lower SNR conditions [5]. 

Many techniques have been proposed which address the parametric rep­
resentation of the signal. These aim at constructing a compact and robust 
fea.tu:re set and processing it to compensate for the mismatch between acous­
tic spaces of the dean and noisy speech. As an example, a ve.ry simple fea­
ture normalization technique, often combined with MCC1s, is Cepstrai Mean 
Subtraction (CMS). It r .. onsists of removing from ea.eh cepstral coefficient se­
quence the mean evaluated across the whole utt,erance ( or over an extended 
:interval}. CMS aids in reducing the influence of slow variations in the acoustic 
feature vectors, like those related to convoiuti.onal channel effects ( e.g. change 
of microphone) and to speaker-dependent biases. Other relevant comp€!ns.a~ 
tion techniques, operating either in the feature space or in the model space, 
are signal bias removal f.22,23], stoehastic matching [24,17], noise modeling 
and masking [25--27], Parallel Model Gombinat.ion [28129]. 

In the recent years increasing attention has been devoted to acoustic 
model adaptation. When the application requirements allow, these techniques 
attempt t,o adapt system para.meters to the speaker and environment by ex.­
ploit.ing data samples representative of the actual acoustic conditions. For sys­
tems based on continuous-density llM!vI's, most popular adaptation schemes 
rely on maximum a posteriori (MAP) estimation [30] or ma..x:imum likelihood 
linear regression (MLLR} {31-33] of the model parameters .. 

Finally, it is possible to adopt an approach known in the literature as 
trainfng data contamination (4,34,35], which provides a way of training acous­
tic models which are more robust and representative of the given real noisy 
environment tlia;u those derived through t;raining on the corresponding- de.an 
speech. In practk.e, training data are produced by injecting real or artificial 
noise into the clean .speech material. Clearly) this approach is time-consuming 
and may become i.mprac,tical when the size of training set grows large. How­
ever, it does offer some advantage. For instance, it is free from the negative 
spectrum problem typical of noise subtraction schemas [36]. 

15.2.3 M.icropho:ue Arrays and Related Processing for ASR 

The utility of a microphone array as input to a speech recognition systei:n lies 
in. its ability to acquire a higher quality signal than that provided by a single 
far-field microphone. The signal enhancement is obtained by emphasizing the 
talkeris spooch as well aa by redudng; noise and reverberation components. 
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These methods are the specific topics of other chapters in this work. The 
rnleva.nt approaches will only be summarized very brie.fiy here. 

In order to reduce mismatch effects in the r1:.'\Cogni2et, a first requirement 
is that of having unifonn improvement k'Vds across the complete speech 
sp~)ctrum. Addit.ionally, it would be desirable to have these spectral enhance­
ments be ind<,'J)endent of t,he t,alker's position. Unfortunately, microphone 
array frequency responses are characterized by significant variations across 
source angles and distances. Consequent.ly, it, is necessary to reduce as much 
as possible t:his variability, which may introduce signifi.c.ant. discrepancies with 
respect to -the training conditions. 

In practice, an enhanc.:ed output can be derived from a mic1·ophonc array 
by the application of beamforming techniques. The simplest and most com­
monly used a.pp1·oaeh is the delay-and-.sum bcamformeJ\ which reduces the 
output power for directions other than that of the sfoeriug location by means 
of destructive inter:l:enmce. Figure 15.5 mustra.tes a typic.aJ result from this 
procedure. The delay-&J1d-sum beamformer may he used passively to realign 
the signals given a set of delay estimat<'ll, or actively by aiming the array 
towards a spt.>(;ifk diredion. In the former o.WE.\ delay estimates are derived 
from Time Delay Estimation (TDE) techniques [37], as shown in the case 
of talker location in [38], \Vhert\ a Cross-Powe.r Spectrum_ Phase analysis was 
adopted. 

Applying Time Dulay Compensation (TDC} processing represents a good 
solution for the case of an isotropic (diffuse) noise field, as no spatial coher­
ence is exploitable to suppress undesired conrponents. Very much dependent 
on the number of array elements and their geometry relat-ive to the source po-­
sition, delay-•and-sum beam.forming provides only moderate rur(:.'Ctivity gains. 
Additional drawbacks [39·43,8], axe grating lobes in the directivity pattern 
and a low-pass effect due to both the beam narrowness at high frequencies 
and to imperfect steering caused hy imprecise inteM:.hannel delay estimates. 

ln the case of cohere,nt noise sources linearly constrained adaptive bearn­
formers, such as those proposed by }1:ost [44] or the Generalized Side-lobe 
Canceler [45), have the specific objectl:ve of eliminating noise contributions in 
directions outside the directivity lobe. The main limitation of these schemes 
iJ:1 a reverberant envi.romnent is the issue of signal canclillation. Since the 
degradations are corrdated with the desired signal, the suppression process 
introduces distortions to the desired signal. Supcrdirective bcamformers have 
also been proposed [,16] to suppress interfering signals effectively. 

A technique specifically developed to addrnss the reverberation phe­
nomenon of enclosures is t,he Matched Filter Array . This technique uti­
lizies the acoustic impulse responses of the environment to create construc­
tiv-e interference betwoon direct and refl.eete<l components of the speech sig­
nal [47 ,48}. 

Beam.forming techniques may also be combined with adaptive post.­
filters [46] (e.g. based on Wiener tJum.ry) for further noise reduction. Ho·wev-er, 
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Fig. 15.5. Portion of a. vov.,'ci /a/ utter-0d at 4 m distance from.a linear array of 
sb, microphones. Th.e upper waveform is the dose-talker signal, the middle plot 
represents the revocberated signal acquired by one of the microphones, and the 
lowtt plot sho-""lil the corresponding <lelay-a.ud-sum beamformed signal. 

the use of postAHteri:n.g, like its above counterparts, can introduce artifacts 
into the reconstructed signal, particularly for the case of reverberant e:nvi­
romnents [49], and may f,onsequently limit recognition improvements. 

15.2.4 Distant*'l"aiker Speech Recognition 

A sizeable body of work on distant~t,alke:r ASR have been produced in recent 
years [50----56], The use of either single microphorws or multi-microphone sys­
tems has focused primarily on experimental c011.texts (e.g. car environment) 
for tasks g-enera.lly characte:tized by a small-size voca.hufa:ry and by a low 
complexity language, Simple multi-mierophone products are available com­
merdaJJy and have replaced traditional input devices in some A.SR a.pplica­
tiona. However, these devices are of limited practical utility and are t.ypicalJy 
only (}:lfoctive for talkers no more than one meter away from the arr-ay, at a. 
fixed and a quite narrow range of angles, and in a rather quiet environm(mt. 

This section p.rovides a brief overview of the literature relating to various 
research topics related to distant-talker ASR. The intention is not to give a. 
thorough description of all the techniques which have been investigated.1 hut 
rather to indicate the general issues and approaches. Section 15.:1 will explore 
in detail the system developed at IRST labs. 
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340 Omologo d al. 

Arra..,v Geometry This first topic concerns the array c.haract.eristics as well 
as their influence on recognition performance. Clearly, the number of micro• 
phones represents an important factor. In an effort to limit hard ware com­
plexity, most, inyestigators utilize 16 or fewer microphones. Optimal array 
design tedmiques havH been addressed by other chapters of this book and, 
·with specJ.fic reference to ASR, in [57]. Fo:r. practical ASR. systems1 the bulk 
of array geometries investigated have eit,her been of the linear equi-spaced 
or harmonic nesting V'Mieties. The latter is the most common in practice, 
despite the fa(,-t that a real advantage in application t;o hands-free AS.R is 
not evident. [58,59]. In general, demonstrating a potent.ial advantage inherent 
in a specl{fo geometry is difficult. The speech quality improvement due to 
the array configuration is count,erbala.nced by several approximations ( e.g. 
in the gp,ncration of artilicial s~1,ls, when simulation is used1 and in the 
acoustic feature extraction), and by effects related to the application of com­
pensation/ a.da.ptation techniques applied to these features or to the acoustic 
modeling. 

Beamfonnin.g Tl1e literature reports on the use of various beamforming 
techniques for distant-talker ASR. T11e delay-and-sum bea1nforn1er is the 
most commonly used, despite its limited speech enhancement capabilities. 
The joint use of delay*and-sum. b(~an1forming and a talker localization mod­
ule is ir1;.restigated in [60]. The use of adaptive beamforming tedmiques (e.g. 
GSC), generally under the as1m:mptfons of fixed talker and noise source posi-­
tions, is also common. Some examples are shown in [61,51,50162]. As expected, 
in the presence of coherent noise sources1 adaptive beamformers yield more 
robust re('..ognition performance than delay-and-sum beamformers. However, 
n,any authors .report that the improvements are low-er than what would be 
expected on the basis of the SNR or of the reconstructed signal's perceived 
quality. This observation see1ns to be more common for data acquired in real 
environments. 

EnclMPoint Detection This topic is vel'y critical, even in :moderately noisy 
and reverberant environments. Most of the experiments reported i:n the lit~ 
eratute are based on the use of a i•push,-to-talk" speech acquisition method. 
In the past, a few works addressed the impact of EPD on dist.ar1Halker 
recognition performance. In [50] adaptive energy thresholds were applied to 
the output of the delay-and-sum beamforrner to identify speech boundaxies. 
In [38], a CSP-ba.'3ed coherence rneasm-e between two input channels was used 
to detect a generic acoustic event. Its effectiveness in speed, activity detection 
will be c.onfirmed in the nm.."t section. The application of a similar coherence 
measure to 1:,-peech/noise classification is also docu:ment.ed in [63]. 

Acoustic li'eature,s In ASR research and applications, there is the tendency 
today to adopt a standard acoustic feature set (e.g. Mel or LPC cepst.ral co-
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15 Speech Recognition with Microphone Arrays 341 

eHici€nts). This is also the case for distant-talker ASR research. Most of the 
systems described in the literature are based on the use of MCC's or LPC 
cepst.raJ coefficients together with their first/second order derivatives and cep­
stutl mean subtraction. However, some other acom.i:ic features more robust 
to noise, such as PLP or short-time modified coherence (SMC) [M,46], have 
bee1 investigated. In the interest of acoustic feature robustness to reverbera­
tion effects, possible future approaches may be inspired by techniques which 
selectively process Uw linear prediction residual [65] or incorpora,t;e speech 
production modeling into the given multi-channel framework [66 167]. 

Recognition Engine The majority of recognizers investigated in the lit­
erature are based on the lli!e of traditional HMM-based solutions. Ttait1:­
i11g H?-/IM's on artificially contaminated speech may lead to robust solutions 
when a large noisy data.base is not available, as shown in [68] and in [69]. 
In some cases, MAP, 1VfLLR or ANN-based adaptation techniques have been 
adopted [70,71 ,54,53] to further reduce the mismatch between training and 
test conditions which remains after the microphone array based processing. 
In [56L MLLR is also compared favorably to Parallel Model Combina,tion. 
Broadly spf',aking1 tht>,se approaches aUov.r the system i;o learn more about 
the speaker chara.dedstics, the environmental 11oisei and the 'fa,rtifacts'1 (e .. g. 
low-pass effects typical of delay-and-sum beamformiug) introduced by the 
multi-channel processing. Overall, the use of adaptation technique.,; has had 
a significant positive impact on hands-free ASR system _perform.ance. 

An alternative a,pproai:h that deserves to be mentioned is propos~,d in [61]. 
Hexe a. new dimension is added to the search space used by the Viterbi al­
gorithm to account fo:r the different directions from which the talker may 
be speaking. In this way, changes in source position. should be implicitly de­
tected on the basis of a maximum likelihood criteria. The r£>..sulting system is 
more flexible, but possesses a considerable complexity increa.<le and requires 
a consistent HMM training to be performed initially. 

Another altema.Uve approach is reported ln [72], where an ANN is used 
to perform a. transformation/normalization of the a.coustk features extracted 
from the delay-and-sum bea.mform.ed signal. During tramingi the ANN learns 
informat,ion relafod to the talker position. The influence of the talker locatfon 
is addressed in {71], where the effectiveness of a location independent A!'{N 
is demonstrated. 

Speech Corpora and 'Tusks A variety of recognition tasks have been in­
vestigated in the literature. The most common is connected-digits. However, 
the choice of the experi:rnental task is probably not as relevant as the way this 
task is created. In order to derive speech material for training and especially 
for test experiments, t,hree main approa,ches have been adopted: 

• Speech <la.ta is collected from a sampling of real talkers using multi­
chaimel recording hardware; This method requires much more effort than 
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its alternatives, but it repre'8ents the most reliable means for investigation 
in this field and for cou.i.paring results to theory. 

• Speech data (e.g. extraded from a. given clean database) is played back 
through a loudspeaker. Again, multi-channel hardware is used to record 
the signals. With this method there is the advantage of repeatability 
of the sru:ne utterances under different conditions: array geometries, etc. 
However, the experiments may be influenced by artifacts inherent in the 
recording proces..•;, such as the dependency on km.dspeaker response, the 
different radiation modeling, and other variabilities in the environmental 
conditions. It is worth mentioning the work done in Bell LaboraJory's 
VarEchok Chamber [73j, by whlcl1 any reverberant condition can he in­
vestigated wi1;hout the risk of rllanging other environmental chara<:teris­
tics across recording sessions. 

• Speech <lafa is reproduced by simulation; typically based on a simplified 
mhlitive/convolutive channel modeling. In this cast:\ the reverberation 
em.,,cts on the vat'ious input channels are gm1txaliy :recreated hy convolving 
the close-talker signal with real impulse responsEis measured using a time~ 
stretched pulse [74,75] or with artificial hnpulse respons1-~s derived by 
applying the Image Method [76J. A simulation-based experiment has a 
dear limitation due to the fact that many phenomena occurring in a real 
environment may be neglected. Mot<K>ver; the use of simulation hot,h in 
t.raining and in test may provide misleading results due to biases in the 
artificial data. generation. 

15.3 A l\1.krophone Array-Based ASR System 

This wction describes the distimt-ta..lki:ng recognition system being developed 
and experimented with at IRST labs {70,60,59,77,68,78,79]. Figure 15.6 shows 
a block diagram of the system, consisting of: a. rr.tlcrophone array a.nd the re-­
lated TDC proc~-ssing, an acoustic front-end for apeech activity detection and 
acoustic feature extraction; a recognitkm engine module (Viterbi decoding) 
and related modules for HMM adaptation. Each module of the syst.em as 
well a.s the experiment.al framework will be described below together with 
the most refovant recognition results so bu· obtained. 

15,3.l System Description 

Speech Acquisition Distant-talker speech signals ·were acquired by a Jim.l.!\t 
array of six equi-·apaced (at 15 cm) omnidirectional microphones. Each chan­
nel was synchrminusly sampled at a. 16 kHz rate with 16-bit accurat.y. Delays 
estimated between the channels (through CSP-based time delay estimation) 
were used to align the signals in a del~y and sum beamfonuer. 
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15 Speech Recognition with Microphone Arrays 34.3 

Close-talk 
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Fig. 15.6. Block diagra.n.i of the d.istant-t<llking ASR ~ystem developed at Ul.ST. 
It includes signal acquis.itkm, Time Delay Compensation processing, the acoustic 
front-end, a, recognition engine, and the modules £or training and adaptation of the 
ac.oustic models. Close-talker and single :fur-field microphones are used for reference 
purposes in addi.tion to the microp.hone l'!;rmy. 

Speech-Activity Detection Th(~ use of a miciophone array adds a spa­
tial dimension to the domain of the time/frequency analysis of conventional 
single input systems. Besides soun,'B localization and selective acquisition by 
beam.forming, an adcUtional benefit of multi-microphone systems is the ca­
pability of discerning between coherent directive sources (e.g. a talker facing 
the mictophones) and spatially diffuse, low coherence disturbances. The dis­
criminating feature is a coherence measure between the signals o.f different 
mlcrnphone.s, such a.'3 the phase correlation [37,38]. Coherence measure corn.­
puta:tion is here extended to SCYe:t:al microphone pairs to provide a more 
robust speech activity function. This fuuction is effective for low SNR and 
revnrbera.nt signals, where an energy-based approach \Vould not be. 

:Figure 15.7 illustrates an example of' this procedure. The upper plot de­
picts the noisy Sp€ech signal acquired by a. single mictophone in the array. 
The r.ni<ldle plot represents the corresponding phase correlation between two 
channels of the array as a function of time (horizontal axis) and mutltal delay 
in samples bot..-veen the c.ham1els ( vertical a.xis). A da.rk13r gray level denotes 
higher coherence. The lower plot shows the coherence measure at the true 
delay versus thne. 

In prattice, the E,PD technique proposed here is bruJod on a preliminary 
selection of an i:nter-c.haunel delay for each microphone paira Given the int;er­
channel delays associated with the various :microphone pairs, the appropriate 
coherence functions are summed to derive a speech activity function. Adap­
tive t.hresholds a:re then applied in order to determiM speech boundaries. 

-343-

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



:l;· 
t 

I 
I 
I 

344 Om.ologo et al. 

0 
-l 

-2,··1 

·-3 .. ~ 
-4-i 

...lo..l.i., 
~ • 

Q 
~l(L. 

........ ) 

; 

--+---- .... 1 
•.-.•.-.•··········~············ 

' 
' ' '. 
' ' 

Fig. 15. 7. Exa..m.ple of coherence computation for the signals of a microphone pair. 
It includes one of the noisy speech waveforms acquired by the .utlcrophones, a grey 
level coherence measure representation at various i:nter-cliannel delays, and the 
<:oherence levels at the correct delay {0 samples). 

Acoustic Feature Extraction In the experimental oot-up described hPxe, 
the input to the feature e.xtractor (se,, Figure 15.6) is either the output of the 
TDC processing derived from the mk:rophon(J array data, the signal acquired 
by a amgle microphone within H1e array, or that, acquired by the close-talker 
microphone, 

In any case, the input signal is pre-emphasized and blocked into 20 ms, 
h:alf--ovel'lapping: frames. For each frame, 8 MCC's and the log-energy a.re 
l:'.xtract;ed. CMS is then applied to each feature sequence. The resultJng nor­
malized MCC's and log-energy, together with their first and second order time 
derivatives, are arranged into a single obst" .. rva-tlon vector of 27 components. 
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15 $pooch Recognition with Microphone Arrays 345 

HMM Recognizer Acoustic modeling is based on a set of 34 phone units. 
Each unit is modeled with ,t l;.hree state left-to-right continuous-density 
HMM, wit.h output probability dist,ributions represented by the means of 
mixtures having 16 Gaussian components with diagonal covariance matrices. 
Phone U:fvl:M's are trained clth,~r using a dean speech database or a noisy 
version, obtained by simulation as described below. Once the HMM's have 
been trained, the resulting models are ada:pted to the real environment by 
applying a MLLR adaptation technique [31-33]. 

15.3.2 Speech Corpora and Task 

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

Clean Speech Corpus The initial step of ill1M training is accomplished 
through lili.e standard Baum-Welch procedure. For this purpose, phonetJcally 
rich sentences representing a portion of APASCI [80] were used. This corpus 
wa.<:J acquired in a quiet room (SNR ;?: 40 dB) using a high quality dose-talker 
microphone. The training sei; consisted of 2100 utterances collected from a 
total of 100 speakers (50 males and 50 females). 

Multi-Channel Real Noisy Corpus The multi-channel noisy corpus con­
Sists of speech material collected in an office of si,te (5.5 m x 3.6 m x 3.5 m) 
characterized by a moderate amount of reverberation (Teo~ 0.3 s) as w-ell as 
by the presence of wherent noise due to secondary sources (e.g. computers\ 
air conditioning, etc). ]Multi-channel recording of each utterance was accom­
plished by using both a dose-talker (CT) directional microphone and the 
linear array descdbed above. 

Speech material was collected from 8 speakers (4 males ,ind 4 females) 
during a series of recording sesslons ,vi.th variable enviromnenta.1 noise condi­
tions. Each spea,ker uttered 50 connected digit strings ( 400 digit occurrences), 
both at front;al position 'Fl50 ( 1.5 m dista:nce from the am'¥) and at lateral 
position L250 (2.5 m distan<,<e 1 left of the array). Four of the individuals also 
td;tered the same string set at position Ll.50 (l .5 m distance, 60';) right of the 
array). 

Utterances were recorded with background noise segments of varying 
length at the beginning and end of each digit sequence. SNR, €A-pressed as 
the ratio of the average speech to noise energy n1easured at 1;he array mi­
crophones, was 12.6 dB mean with 3 dB standard deviation for the frontal 
recordings: and 10.7 dB mean and 2.8 dB standard deviation for the lat­
eral recordings. As reference, S:NR est.imated on the CT microphone signals 
posgessed a 28 dB mean and 3.8 dB standard deviation. 
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0.75m 

o1nn,·•·• Mic. 
Array 

• U50 
3.6m 

Fl50 • L250 

5.5m 

F'ig.15.8. Map of the experiment.al rnom i,ihowing t:he positions of the talker, the 
microphone array, and the computers (noise sources). The label at each position 
h1d.icatcs, in a compact form, the orientation (P for frontal, L for late.ral) and t.he 
distance in cm froni the array. 

Contaminated Speech Corpora A set of training databa."les consisting of 
acoustically realistic signals was artificially recreated using the APASCl dean 
corpus along with knowfodge (e.g. room impulse responses and ba(".kgroun<l 
noise signals) of the real operating environment. For this purpose, a simplified 
additive/convolutive model was adopted as follows: 

(15.1) 

where h,.(t) is an impulse response of the room, k is a sea.ling factor, n(t) 
is background. noise a.cqu.ired in the room, sc1 is the clean speech, Be" is the 
contaminated speed1, and * denotes convolution, The effect of background 
noise is accounted for by scaling the noise recorded inside the room. using 
an appropriate ampHt,ude to reproduce diflerent SNR's ( ranging from O to 
21 dB) and then adding the result to reverberant spe(x:h. The reverberation 
effects of a room can be simulated in several ways. In this ca<Se, it wa.s achieved 
by convolving the close-talko:r signal with impulse response.; measurod using 
a time-st.retched pulse. 

15.3.3 Expei-h.nents ancl Results 

Expf'..rimentaJ rf'.sults involving connected-digit recognition are reported be• 
low, These are expressed in terms of Word Recognition Rate (WRR), com­
put.ed as t;he avtu:age performance obtained by testing on material obtained 
from ;:ii,Jl the speakers and positions. As a result, each test experiment consists 
of the recognition of 8000 digits. 
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Table 15.1. '\Vm·d .recognition tates obtained on a conne-,eted~<ligit rocognition task 
using different phone models, input devicus, and <,m.<l~point detection methods. 

Models j lnput FarMic Arrcf'iPJ!/PD Arrto.J':PD 

Clean 33.7 57.1 61.2 

Roh 91.5 95.2 96.3 

AdaRoh 95.6 98.3 98.6 

F.}x:periments were conducted using either the microphone array (Atr) or 
a single microphone of the anay (FarMic). For comparison purposes, results 
obtained wsting on rnaterial acquired with the dose-talker microphone { and 
using dean models) was approximately 99%. This ref(>.rence result represents 
a. sort of upper bound of any experiment conducted. 

As shown in. Table 15.1, t.raining with filtered clean speech (Rob) improves 
recognition perform.a.nee tangibly, even in the case of a single far microphone 
input. This result is c011.Sist-ent with oth0.r work (68,78,79]. The results confirm 
that the use of the micropho:ne array, in combination with the TDC mod-, 
ule ensures superior recognition performance relative to a single microphorw. 
However, the advantage of using the arra;y is more relevant in the case of ro­
bust models. In this Ca.Bl'\ more than 40% relative improvement was obtained 
(from 91.5% to 9.5.2%). 

A second issue investigated was the impact of the speech activity detec­
tion method on the recognition p€rforn:i.ance. In addition to difficulties due 
to the distance between the talker and microphones, the system is prone to 
insert.ions in this experimental framework. This is due t.o the adopt.ion of 
a. digit-loop gra.m.rrmr with no information about string length. As a conse-­
quence, pauses inside a di.git sequence and long noh,e segments, pl'eceding im.d 
following the speec.h. utt.erance, can cause many errors because of mismatched 
acoustic modcling. The right hand column in Table HU (Ar.r1v-EPD) shows 
the :results obtained using an "ideal" end point detector. These wt',rti acquii-ed 
using utt:e:r.:an.ce bound.a;des identified man.uaUy and lt~ad.s t.o a. relative per­
formtmce improvement. of about 20% compared to result,s obtained using the 
coherence-.ba..<;ed EPD method described earlier (At,csp_ep0 ). Resolving this 
performance disparity is a goal for the futurn development of a more accurate 
EPD algodtbm. 

The results show the further irnprovement provided by adopting on-line 
incremental HMM adaptation ( Ada.Rob). On-lin.e adaptation is more suitable 
for real-time applications where environmental conditions, talker r,osi.tion, 
etc. may ,,ary substantially with time, The Table shows that in the best case, 
that is st.a;ri;ing from robust mode.ls and exploiting manuaJJy segm.entnd spl¾.!ch 
boundarioo1 98.6% WRR was obtained, not fa.r from the dose--talker reference 
pcrfonna.nce, 1n previous work [68, 79] it was shown that, when starting from 
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348 Omologo et at 

dean models, both batch and on-line adaptat,ion techniques do not acllieYt;: 
t:his performance level. Finally, note that the adaptation produces a score of 
95.6% '\-VRR in the case of a single far-microphone. 

15.4 Discussion and Future Trends 

Hands-froo interaction represents the most natural form of human conmm­
nkation. Research on hands-free speech recognition is dra'wing scientists to­
gether to form au important discipline with numerous potential applications. 
In particular, various multi-modal/multi-media interaction scenarios have be 
c(m.ceive<l thanks to the enhanced functionality added t.o traditional ASR 
syst,ems. 

Because of grmving research and prototype development; the field of 
distant-talker speec.h recognition using microphone arra~'s has devdloped dra­
matically, As seen in this chapter, the introduction of a microphone array 
into an ASR system has the potential. to irnprove performance signifir.antly. 
However, this is at the cost of hardware and software complexity. Additional 
improvements are possible through the use of ada.ptation/compensa.tion tech­
niques and spedfk methods for acoustic model training. Through these ap­
proaches, performance increases can be ndtleved even using a single micro­
phone. Hence, it, seews reasonable that future research will focus on the use 
of arr~ys consisting of few microphones and the joint application of effective 
techniques for an on-line te<luction of the mismatch between the operating 
conditions and those under whi.ch the system was trained. 

Given the cu:n:ent. state of the a;rt1 future research is needed in all the direc­
tions highlighted in. the previous sections, from lllicropbone ai:ray processing1 

to speech activity detection, to robust acow.'tic features, to adaptation of the 
recognizer to the real environmeni;al conditions. Further.more, new approaches 
·\\rill have to be envisaged to deal with the various environmental uncerta.inties 
which characterize distant-talker speech recognition applications. 

Distributed multi-microphone systems [f>93, with instantaneous selectio:n 
of the n1ost reliable microphone input, may represent a prorniBing approach. 
Along these lines, a specific suh~baud recognizer or full-band recognizer may 
be associated with ea.eh of the given microphones. This would be with the 
purpose of realizing a cmnpetit.ive parallel recognition framew-ork, whe~ the 
recognized word string is selected among diffe.rent hypotheses. 

Another approad1 that de-sei·ves fature study is that of incorporating 
speech production modeling into the mult.i--dia:nnel system and applying non­
linear analysis techniques as those proposed in (66,67] and detailed in Chap­
ter 7. In this way, the system may be made less sensitive to the influence 
of variabiliHes related to reverberation effects, imperfect talker focation, or 
a talker's head movements and may better focus attention on t;he speech 
propagatJ.ng in t,he enviromnont. 
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16 Speech llecognition with Microphone .Arrays 349 

Finally, experimental tasks and a.ctivltk~5 are important aspects to high­
light. Because of relevant differences in the e.Kperimental frameworks and the 
type of speedl material (and languages) which are adopted, rl'.1mlts Clbtained 
by the various research teams are oft,en not cxmiparable to one another, :More­
over, results are often provided only on the basis of simulation experim(.'llts, 
while real world exvperiments are always needed to confirm a given theory. In 
foe pa.'lt, the mmrt relev..mt and widely known activities for t;he devt>lopment 
of basic speech recognition technology were carried out umfor the ARPA­
CSR program. This produced the development of common speech :material 
and standard evaluation criteria.. Hence, the creation of a. common frro:nework 
for aJl the resea1:ch c~.nters operating in this fieM, may allow for significant 
w:lvance$ in this exciting discipline. 
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cepstral prcliltering, 162 
close--talking microphone, 345, 3$55, 385 
clustering, 195 
cochlear itnplan.t, 230 
cocktail party effect, 355 
roeffident,-.constrained adaptive filterst 

94 
cohe.rruioo, 22, 63,143,161,244 
coherence matrix, 22, 45, 47 
cohe.renoo of (',a,r noise, 259 
coherence of office noise, 259 
coherence of spt.'{o\Cll, 259 

coheren.ce--base<l. post-filter, 271 
coherent signal subspace method, 183 
computed tomography sca.nner, 256, 

266 
con!.!tant directivity beat:nformer, 4 
wn.strruned minimum \~triance 

beamfonnet\ :no 
constrained optimization, 309 
contra-st function.s, 364 
corr('laticm matrix, 11.4, 160, 314 
correlation-based criteria, 366 
cross-corrdation, 40, 166 
cross-correlation matrix, 114 
cross-pov.-er spec:tmm., 189, 309 
cross-power spectrum phase, 190, 338 
cumulant-based sepa.ra.tion c;riteria, 366 
cylindrically iwtropic noise field, 30, 73 

data association proble:m., 222 
dei:-,e.ntrali:zed Kalman filter, 212 
decorrelation system, 371 
delay-and-sum. boamform.er, 26, 159, 

169,. 234, 290, 338 
density modeling criteria, 362 
d~op microphone m-ray, 392 
differential microphone, 67 
diffuse noioo field, 23, 309, 338 
diffuse souutl field, 49, 257 
dipole micro1)hone, 69 
direction of arrh>al, 162, 182, 243, 290, 

302 
directional gain, 3S•i 
directivit.y index, 23, 44, 293 
distributed multi~microphone, 348 
disturbed ha.rmonk.s model, 189 
double-talkt 66 
dual excitation si.wech model, 137 
dynamic thne warping, 334 
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EASI alg()rithm, 371 
echo path gain, 293 
echo .ret,nrn loss enhancemtmt) 274, 283 
echo shaping, 272 
end-point detection, 333, 340 
endfire array, 234,, 275 
entropy, 364 
ESPrtlT, 182 
extended Kalman filter, 210 
Eyring's formula, 118 

face tracking, 204, 218 
wfield, 25 
fa:rfield assumption, 3, 290 
fast Newton algorithm, 286 
foature e;.i:ra.ct;ion, 333, 340, 344 
filtei--a.nd-sum bea:mformer, 5j 159, 171., 

204, 290 
filterhm, 45, 116, 184, 317 
fi.-.:::ed heamformex, 234, 310 
focused beamformer, 159 
frequency-domain beamfonui:ug, 5 
front~t:o-hack ratio, 24, 30 

generalized cross-correlation, 161, 183, 
191 

genm-alized sidelobe cauccler, 35, 40, 
88, 113, 127, 236, 291, 310, 338 

generalized singular value deoomposi­
tfon, 115 

gradkmt microphones1 35 

hands-free spoocll acqulsition, 181, 255, 
307 

harmonic .n.esti:ng, 5, 340 
hearing aid, 393 
hearing impairment, 229 
hidden Markov model, 3.14 
high-resolution spectral estimation, 158 
hypercardioid microphone, 36, 243, 259, 

274 

image method, 52, 1181 182:, 342 
in situ calibrated JJJicrophone array, 312 
injected noise, 311 
instantaneous blind signal separation, 

360 
intelligihility-wcighte<l directivity, 232 
intelligibility-weighted gain, 232 

interacting multiple model, 222 
interference suppression, 240 
inverse Kalman filter, 213 

.Jacobian matrix, 211 
joint diagonaJization, 115, 367 

Kalman filter, 206 
Kullback-Leibler divergtmce measure, 

362 

language model, 332, 335 
leaky adaptive filters, 92 
leaky LMS, 312 
linear intersection method, 195 
linear prediction, 141, 185, 334, 371 
LMS algorithm, 236 
lo(:ation-estimation null-steering 

algorithm., 243 
Lomba.rd effect, 332 
kl1Jdspeabarwendosur&microphon.e 

system, 283 

magnitude 1:KJ11<1n,d coherence function, 
257 

matched filter, 134, 308, 310, 338 
matrix inversion lemma, 43 
mrodmu.m likelihood linear regression, 

337 
MDL, 195 
mean square error, 114, 290 
mel~scaled cepstral coclfkients, 334 
MEMS, 386 
microphone channel. response, 165 
microphone dkectivity, 232, 257,, 261, 

357 
mk.rophone orientation, 257 
microphone placem.ent, 157, 261, 308 
MIN~NORM, 182 
minimum mutual in.formation, 363 
minimum variance spectral ~stimat.ion, 

160 
MMSE hearnformer, 313, 314 
MMSE filter, 263 
multi•cl:ta.nnel blind deconvolution, 361 
multi-re.wlution time-frequency 

adaptive heamformer, 319 
MUSIC, 160, 182, 186 
MVDR beamformer, 25, 39 
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narrowband assumption, 3 
natural gradient adaptatfon, 368 
nea:rffold, 25, 290, 385 
nea:rfield supei:<lfrei::tive array, 44 
nested array, 290 
NLMS algorithm, 266, 268, 284, 313 
noise canceler, 341 89 
noise ci.uicellatiot\., 61, 256j 308 
noise subspac.e, 182, 309 
nonholonomk eonstra,int,s, 370 
nonlinear opfonization, 367 
normalized interference suppression, 

322 
normalized kurtosis, 365 
nonnalized noise su.ppression, 322 

omn:idil'ectional mk.r-0phone, 232, 257, 
331 

order permuta.tfon, 372 

parallel model combination, 337 
phase transform, Hl2 1 167 
phone, 335 
phoneme recognition, 230 
PLP ctJeffident,s, 334 
post-filter, 39, 255, 338 
power spectral density matrL«, 21 
ps(mdowimre.rsion, 368 

QR-decomposition, 122 

recursive state estimation, 205 
rev!c'.rberation distaue-0, 258 
reverberation time, 118, 164, 173, 283 
RLS algorithm, 285, 313 
robust estimation, 195 
robustness, 88, 121, 336, 377 
roo1tt impnlse response, 162, 367 
ROOT-MUSIC, 189 

Sabine's equation, 258 
scaled project.ion ,tlgorithm, 29, 2,i2 
scoring problem, 335 
segmental SNR, 269 
sensor calibration, 309 
sensor fusion, 205 
sensor mismatch,. 235 
short-time Fourier. tran..'!form, 317 
short-time modified coherence, 341 

Index. 397 

signal bia.'5 rem.oval, 337 
signal cancellat,fon, 90, 338 
signal subspace, 182 
signal-to-interfer.eneti ratio, 374 
signal-to-noist) plu:s interference power 

ratio, 316 
single-channel spee<'.h enhancement, 

130, 255 
singular value decomposition, 189, 193 
source activity detection, 267, 294 
spatial aliasing, 4, 26 
spat.ia.l clustering, 183 
spatial correlation function,. 61 
spatial dithering, 312 
speakerphone, 383 
spectral subtract.ion, 40, 242, 308 
speech corpora, 3.33, 341 
!speech intelligibility, 230 . 
spooch quality measures, 51 
speech reception threshold, 229 
speed.1 reeognition, 281, 292, 307, 331, 

385 
speech-to-interference ratio, 230 
spherically isotropic noise fiel.d, 26, 65 
state error informatlm.1. vector, 214 
stat.istica! pattern recognition, 3.33 
&ieered .response powf!r, 158 
steering vector, 169, 184 
stochastic matching, 337 
stochastic region contraction, 159 
subhand decompositlou, 314 
subspace tracking, 369 
super-resolution, 310 
superdir'ective a.tray with Wiener 

post-filter, 4.4 
superdi?"octivity, 19, 234, 290., 338 
SUp(>,.rgain, 19 

tel.econferendng, 281, 300, 355, 393 
time delay estimation, 40, 161, 267, 338 
time-diff0xenee of arrh'.a11 158, 168, 183, 

204 
time-domain beamforming, 5 
time,,,invariant beam.forming, 290 
time-vaxying bea.m.forxning, 291 
Toeplitz matrix, 117, 191 
trai:n.ing data contamination, 337 
training problem, 335 
transform-domain structuri:\ 287 
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uncorrelated noise field1 24 
1.tniversa.i noise subspace, 186 
universal signal subspace, 186 
universal spa.t.ial covariance matrix, 185 
1JJ.1voiced speech, 137, 140 

va:rechoic chamber, H42 
videoconferencing, 163, 181, 203 
Viterbi algorithm, 335 
voice activity detect,or, 312, 343, 347 
voiced speech, 137, 140 

Printiug; Mercedes-Dmck, .Berlin 
Binding: Stein+Lelnmmu, Berlin 

wavelet transform, 141 
white noise gain, 24, 47 
whitening filt,er, 190, 266 
widehund weighted subspace fitting, 

186 
Wiener filter, 39, 41, 62, 114, 2t13, 291, 

308, 338 
Wiener sol.11tion, 36 
Wiener-Hopf equation, 42, 284 
w<Jrd :rncognit.ion rate, 346 
WSF, 182 

j 
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