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Source Localization in Reverberant Environments:
Modeling and Statistical Analysis

Tony GustafssonMember, IEEEBhaskar D. Raorellow, IEEE and Mohan TrivediSenior Member, IEEE

Abstract—Room reverberation is typically the main obstacle for  fice-like environments, the accuracy of the estimated time-delay
designing robust microphone-based source localization systems.is typically limited byroom reverberatiomather than by addi-

The purpose of the paper is to analyze the achievable performance 6 yncorrelated noise as in (1). In a reverberant environment,
of acoustical source localization methods when room reverbera- . .
the measured microphone signals are modeled as

tion is present.

To facilitate the analysis, we apply well known results from room )
acoustics to develop a simple but useful statistical model for the x(t) = / h(t — A\)s(\) dX\ + n(t) (2)
room transfer function. The properties of the statistical model are J—o
found to correlate well with results from real data measurements. T T

The room transfer function model is further applied to analyze Wherex(t) = [z1(t) x2(1)]" h(t) = [h(t) h2(t)]" and
the statistical properties of some existing methods for source local- n(t) = [n1(t) n2(t)]T. Here, h;(t) represents the impulse

ization. In this respect we consider especially the asymptotic error response of the acoustical transfer function from the source
variance and the probability of an anomalous estimate. A note- {4 the jth microphone. To facilitate the analysis we assume

worthy outcome of the analysis is that the so-called PHAT time- _ ; ot i
delay estimator is shown to be optimal among a class of cross. thath(t) is time-invariant; it is hence assumed that the source

correlation based time-delay estimators. To verify our results on location is ﬁ_X?d- _ _
the error variance and the outlier probability we apply the image The empirical experience is that once the level of room

method for simulation of the room transfer function. reverberation rises above minimal levels, existing methods for
Index Terms—Acoustic arrays, acoustic signal processing. TDE begin to exhibit substantial performance degradations.
Among the few publications available concerning the per-

formance of TDE in reverberant environments, we mention

|. INTRODUCTION [8]-[10]. In [9], lanniello studied the case with one source
EVERAL approaches for acoustical source localizatiodand two or three resolvable propagation paths. However, room
S_lsing microphone arrays have appeared in the literatureverberation typically consists of the superposition of a large
Among existing proposals, those based on time-delay estiniadmber of echoes. The results in [9] are therefore applicable
tion (TDE) have gained the most attention, see e.qg., [1]-[4]. anly in situations where the early reflections are strong and

this context, the signals received from a pair of microphonégte reverberation” weak. In [8], Champagee al. applied

are modeled as the image method for simulation &f{¢). Based on an analogy
with performance bounds for the single-path propagation
z1(t) = s(t) + ni(t) model (1), a lower bound was suggested for the variance of
2a(t) = s(t — 7o) + na(t) (1) the estimated time-delay. Although the proposed lower bound

in a simulation study accurately predicted the variance of the
wherez;(t) (i = 1,2) is the output of theth receiver,s(t) is estimated time-delay, a theoretical justification of the proposed
the unknown source signal,(t) is an additive noise term as-lower bound was not provided. Reference [10] also focuses on
sumed uncorrelated witk(#), andr, is the difference in propa- the variance of the estimated time-delay, and can be considered
gation times (i.e., the unknown relatitine-delay. Assuming @s an early version of the present paper.

that several such microphone pairs are distributed over the spal he main contributions of the present paper are as follows.
tial region, the source location is obtained from the estimated 1) Utilizing results from statistical room acoustics we de-

time-delays, see, e.g., [2], [4], [5]. velop aroom transfer function model that can be of utility
Knowledge about the location of the source is crucial e.g., for ~ for signal processing researchers in developing and ana-
automatic speaker tracking in video-conferencing [6], [7]. In of- |Yi]'n9 microphone array based source localization algo-
rithms.

, _ _ _ 2) The statistical model is used to develop Cramér-Rao
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(GCC) method [16] is examined and optimal weightings To model the high-frequency part bi¢), we will apply the
are determined. Interestingly it turns out that use of thbeory of random (or diffuse) sound fields. A diffuse sound field
optimal weights results in the PHAse Transform (PHATis present when the following conditions are fulfilled [12], [13]:

method.. . _ ~ A1: The dimensions of the room are large relative to the
4) The derived CRB is rather local in the sense that it is wavelength ofs(¢). For the frequencies of interest (in

reachable only under ideal conditions. In practical appli- speech processing we are mainly interested in the band

cations the limiting factor is instead the fact that GCC- 300-3500 Hz), this condition is usually satisfied.

based localization methods suffer from outliers whenre- 42. The average spacing of the resonance frequencies of

verberation is present. Assuming that a GCC-based local- the room must be smaller than one third of their band-

ization method is applied, we derive expressions for the width. In a room with volume V (in ), and reverber-

outlier probability. These results should be of much use ation time T (in seconds), this condition is fulfilled

in understanding how to combine microphone arrays and for frequencies that exceed the “Schroeder large room

room acoustics for achieving desired performance. frequency”:

[l. STATISTICAL ROOM REVERBERATION MODEL fs =2000+/T50/V . (6)

In this section, we introduce the room reverberation model, ] ) )
which is built on some well-known results from statistical room 4%: The source and the microphones are located in the inte-

acoustics. The key assumption we make is that the impulse re-  "lor of the room, at least a half-wavelength away from
sponseh(t) can be decomposed as the walls. The sound field at a wall-mounted micro-

phone can hence not be modeled as diffuse.
h(t) = hg(t) + r(t) 3) The statistical properties of the transfer functiBifw) (the
Fourier transform ofr(¢)) is independent of the time-instant
where subscript - ); denotes direct-path propagation, arfé)  of observation. That is, given a fixed source location and fixed
corresponds tdiffusesound propagation. Recently, Radlogic microphone locationsR (w) will remain constant (unless the
al. [11] applied a similar model to investigate the robustness mfom configuration somehow is altered!). To emphasize this

acoustical equalization techniques. fact, we define the vectdt = [el e] el 17, and denote
. _ the impulse response and its frequency response accordingly:
A. Direct Path Propagation r(t;0) < R(w;0). For afixedd = @, we hence considext; )
Assume that the source is locatedbat the microphones are to be arealizationof the random function(t; 6).

located ate,,, ande,,,, and letd = |le,,, — e, ||. The di- ~ Write thekth (k = 1,2) component oR (w; #) as
rect-path impulse response is modeled as o

@ Ry (w;0) = Ri(w:0) + j R (w; 0) @)

o(t
hy(t) = 4 . . .
al?) {6(t - fro)} w(r) “) whereR; (w; 8) and R}, (w; #) are the real and imaginary parts

. . of Ry (w; @), respectively, angd = \/—1. We next cite a couple
wheres(-) denotes Dirac’s delta function, ang denotes the ¢ ,sefy results from [13] (assuminl—A3to be fulfilled)
difference in propagation times

. 1
1 P (Aw) = ¢ (Aw) = 2 (8)
7=~ (llew = em, | = lles — e ) (5) 1+ (Bw i)
Tso
Here, the speed of sound is denoted égenerally specified as ori (Aw) = Awigk . 9)
¢ = 344 m/s at 21°C), andk(r) = 1/V4xr2, wherer is the 1+ (Aws)®

distance from the source to the point in-between the two micro-

phones. Model (4) is valid when both microphones receive &fere,p}; (Aw) denotes the normalized (i.e:] < ¢} (Aw) <
equal amount of power from the direct-path; it is thus assumejicorrelation function betweeR} (w; 8) and R (w + Aw; 8).
thatd < (|les — em, |, |les — em,||) @nd that the source is aNote, the expectation operator used to define the correlation

point source. functions(8)—(9)should be interpreted as the ensemblerage
_ over all allowable (in terms of assumptidB) values off, de-
B. Properties of(?) noted with the expectation operats{ - }. From [13] we also

The sound pressure at a microphone is built up of the direfifd that Eg{R(w:8)} = 0. _
path, plus several waves due to multiple reflections of the orig-From (8)—(9), we draw the conclusion th&f (w;#) and
inal sound. These reflections travel in different directions arléi(w + Aw;8) are uncorrelated forAw sufficiently large.”
encounter the walls at different angles of incidence. Studyi¥ye next define a “coherence bandwid#(7so) as
an empty rectangular roorh(¢) can be computed by solving a L e .
wave equation, see fc_)r example [12, Ch. 3]. At higher frequen- p(Teo) 2_/ o (W) dw =~ T [Hz). (10)
cies, the complexity (in terms of the number of modes) of “de- T J—oo 60
terministic” wave equ"’_‘t'on based mOdFj'l'ng Increases o a POiNtthe reverberation tim&y, is defined as the length of time for the sound
where exact analysis is no longer feasible. intensity level in a room to decrease by 60 dB after the sound source is shut off.

b2
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Consequently, whefw; — wq|/27 > 7/Tgo the random vari-
ablesR} (w1;8) andRj,(wo; 8) are considered uncorrelated.
Consider next thespatial correlation betweerh;(t) and  °%f
ha(t). No general results seem to be available in the literatur
However, if s(t) = sin(wot + ¢), and if the conditions for  0.02f
diffuse sound are fulfilled [12, Ch. 8] shows that

Eo{z1(t)z2(t)} e
VEe {43(t)} Eg {3(t)} ( Ao ) 1D

0.0151

0.01f

where )y = (27¢)/wg, andsinc(z) = sin(rz)/(rz). If the  o.o0sF
source energy is not concentrated to a single frequencgan
be replaced with the mean of the highest and lowest frequenc o} &
of the source signal. Expression (11) is only approximate
true in that case. Similarly to the definition of tlbeherence _o.005
bandwidth we define aspatial coherence distanaes the first A
zero-crossing of (11)s = Ao/2. For speech signals, the mean 06
of the highest and lowest frequencies equals approximate

-60 -40 -20 0 20 40 60 80

0.5(3500 + 300), implying thatps ~ 0.1 m. 04t
Let us finally consider the variance of the random variable
Ry (w;0). Reference [12, Ch. 5] shows that o.2r 1
¢* £ Eo{ Ri(w; 0)(Ri(w; )"} T -
432
= 12 —02}
A(1 = p?) (12) =

Here,(-)* denotes complex conjugatg,(0 < 8 < 1) isthe  -04f
reflection coefficient, andd denotes the total wall area of the

i
room. -0.6f I p
I
i
1 1 -0.8 L 1 1 L L 1 1
C. Model Validation -80 -60 -40 -20 0 20 40 60 80

Frequency Separation (in Hz)

1) Synthetic Data:We consider an empty rectangular room
with plane reflective surfaces. The walls are characterized by thg. 1. simulated data: Estimated correlation function of.; 8). Herer =
reflection coefficienf3, which is assumed identical for all walls.3 m, the number of realizations @, (w;8) equals 250, ands, = 0.5 s.

; ; ; idns = _ Vertical dash-dotted line indicates the coherence bandwidth 7/T5,, and
We have simulated aroom \.Nlth dimensi = 10, L?’/ = 6.6, the solid line illustrates the theoretical correlation functions (8)—(9) and (12).
andL, = 3 (aI_I measures in mete_rs). We assume thgt thereqisp: 42277 (Aw/21). Bottom: @7 (Aw/21).
an omni-directional (spherical radiator) acoustical point source
present in the interior of the room. The radiated signal is mea-

sured by omni-directional microphones, which are located in
;he :ntsrzleo;glf;cv?nroorrg.c'gzgreenerate realization$tiv; 9), we In this manner, we compute new realizationsd¢f; 8,,,)
PRl gp ' without affecting the direct-path transfer function. The

* Defineinitial positions of the microphones and the sourcgn ;e method in addition requires the reflection coefficiént

and denote therd,,, , &,,,, ande,, respectively. The ini- 55 innyt data. For a given value i, the reflection coefficient
tial positions are chosen such that the desfred,, d) are 3 is computed fronEyring’s formula [12]

where the notatiornid,,) was introduced to indicate that
r(t;8,,) is themth realization.

obtained.

» For each simulation, generate a random translatiand a 13.82
3 x 3 random rotation matrig (i.e., GTG = I), where B =exp 3.8 (14)
I,; denotes thé/-dimensional identity matrix. Let, = (i + L% + LL) cTeo

f(e,), wheref(e,) = y + Ge,. The mappingf(-) is
applied also t@,,, andé,,,. Note that the tripletr, 7o, d) The sampling frequency is chosenfas= 1/75 = 10 kHz, and
is invariant tof (- ). h(nTy) is truncated tdF; Tgo Samples. For each realization, the
» Apply the image-method [14] to compufe(¢) using reverberant part of the transfer functid(w; @,,, ), is computed
€s,en,, ande,,,, as input data. in the interval [300, 5000] Hz.
» The reverberant part of the impulse response is computed-or a particular outcome @& (w;#,,), we now estimate the
by subtracting the direct-path impulse response auto-correlatiorj?¢7% (Aw; 8,,,) and the normalized cross-cor-
relation ¢7% (Aw; @,,,). The final estimates of the correlation
r(t;0,,) = h(t) — hy(t;70) (13) functions are obtained by averaging the estimated correlation
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Fig. 2. Simulated data: Spatial (normalized) correlatigff(Aw = 0), Fig.3. Real data: ensemble average of the envelope of the impulse response,

as a function of the microphone separation. Here= 3 m, the number of 105{}L(,LT )}.
realizations ofR(w; 8) equals250, Tso = 0.5 s, andry = 0.
1 T T T T T

functions using 250 random realizations Bf{w; ). In this  osf 1
manner we simulate the averaging operafgf - }. In Fig. 1, oL
the estimated as well as the theoretical (cf. (8)—(9)) correlatior
functions are illustrated for the cadg, = 0.5 s. The results o7t E
in Fig. 1 indicate a good match between the theoretical anc
estimated correlation functions. In Fig. 2, we next plot the spa-
tial correlation$is(Aw = 0) as a function ofi. As expected,  °osf
@15 (Aw = 0) tends to decrease as the microphone separatio ,|
d increases.

2) Real Data: Our next example deals with real data. At our °31
disposal we had an office with dimensiohg = 6.6 m, L, = oz}
3.3m, andL. = 2.9 m. The room was empty, except for a table
in the middle of the room. A microphone was place@at = or
[0.1 1.9 1.5]7. We next measured the transfer function from the . . . . . , .
microphone to 128 different source positions evenly distributec ™ 7 e Foeduency someraton (in H) 1o 15 20
over the room. For all source positions, the loudspeaker wa *® ‘ ' ‘ ' ' ‘
located at a fixed height of 1.1 m. The source signal was a chirg T T
signal (100-500 Hz). The microphone outputs were sample o4} _
with F;, = 2000 Hz, and the transfer functions were estimated
at 1024 frequency points in the interJal F's /2] Hz.

Given the set of estimated transfer functions, correlatior *
functions are estimated exactly as in the Section 1I-C1. How
ever, let us first study the ensemble average ofeteelopeof of -
the estimated impulse response, dendtédT,). For diffuse
soundh(n1}) should decay as1%8n7:/Teo, cf. [13]. Hence, |
log{h(nT%)} should decay linearly asincreases. In Fig. 3, the

outcome Oﬂog{h(nT )} isillustrated, and a straight-line (least o
squares) approximation of the reverberant part is illustrate:
as well. From the slope of the straight-line approximation

1 ~ = i i _ L 1 1 ) 1 L I
we find thatTs, ~ 0.35 s, resulting in a Schroeder large -og————% —+ . : = = =

room frequencyfs ~ 150 Hz. Applying the estimated value Frequency separation in Hz
of the reverberation time, we next computed the theoretical

| f P Ii’Jl 4. Real data: estimated and theoretical (assumingZfhat = 0.35
correlation functions;] andeiy s) correlation functions of the estimated room transfer function. Top:

We remark that 1) accordlng msthe microphone is not lo- ¢77(Aw/27). Bottom: 37 (Aw/27).
cated in the interior of the room and 2) the spectruns @
just barely satisfies the condition for the “Schroeder large rooment with the results of Section 1I-B. Note also that we did
frequency.” Despite this, Figs. 3 and 4 indicate a good agra®t eliminate the direct path part of the transfer function when
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generating Figs. 3 and 4. This is most likely the reason whgethods, we will in the analysis typically assume that the addi-
the theoretical auto-correlation in Fig. 4(a) decays more rapidiye measurement nois€(t) is absent. Given measurements of
than the empirical one as the frequency separation increasds) for 0 < ¢ < T, the frequency domain representation reads
In Fig. 3, we further notice three different characteristics afs

log{h(nT,)}: direct-path propagation fdr < n < 15, dom-

T
inant early reflections fot5 < n < 40, and late reverberation X(w) = [? (“’)] = / x(t)e 1<t dt
for n > 40. The main error in the introduced statistical model 2(w) 0
h(t) = hy(t) + r(¢) is then that the dominant early reflections = (Ha(w;m0) + R(w;0))S(w) (18)

are lumped together with the reverberant part. . .
P g P whereS(w) denotes the Fourier transform of the source signal.

Here, it is assumed thdtis large so that the windowing distor-
tion is negligible. To simplify the presentation, we scale the mi-
In this section we present a statistical analysis of the perféophone outputs with/x(r), and define the following quanti-

mance of source localization techniques in the presence of rob$:

I1l. STATISTICAL ANALYSIS

reverberation. Using the statistical transfer function model de- A 1
veloped in the previous section, the CRB for time-delay estima- a(t;To) = ﬁhd(t) < A(w; o)
tion and relevant Maximum Likelihood estimators are derived. 1
In addition we analyze the performance of GCC, both in terms = [ —jwro ] (19)
of asymptotic error variance and in terms of the probability of ¢
an anomalous estimate. v(t;0) 2 %r(t;a) = V(w;0) (20)
A. Single-Path Propagation TDE where, consequently
Considering TDE for the single-path propagation model (1), H ) )
the GCC [16] method is a popular alternative. GCC offers rel- Ep{V(w;0)V(w;0)"} = ¢°/r(r)" I (21)
atively high accuracy, and a modest computational complexity o?
(FFT-based implementations). The estimated time-delay is ob- )
tained as and (- ) denotes complex conjugate transpose. Assume that

the source signal(¢) is band-limited to the intervalf;, f.] Hz,
(15) and thatf; > fs. Suppose that the microphone outmit) is
sampled with sampling frequentyT; Hz (assuming that,, <
1/2Ty), to produce the sequeng¢nTy),n =0,1,...,N — 1,

7 = arg max ]A%GCC(T)
T

where whereN = T'/Ts. For sampled data, (18) is computed using
A Al [ ) ' the Discrete Fourier Transform (DFT)
Rgee(r) = %/ |G(w)]? Pra(w)e?™™ dw. (16)
- X(wk) = (Alwrim0) + V(wi: 0))S(wi)- (22)

Here, Pia(w) = T~'Xs(w)X:(w)* denotes the estimatedthe DET is computed fav, = 2rk/(NT,),k =0,1,...,N—
cross-power spectrurff; is the observation time, anjdi(w)|* | pye to the band-limited nature sft), we consideiX ()
is a weighting function. The CRB (assumingt), n (¢t) and only fork = ky, ..., k., Wherek; = N f,T, andk, = N fuT..
ny(t) to be zero-mean, mutually uncorrelated wide-sense o )

stationary Gaussian random processes with power speg¥acrp for TDE

Pos(w), Poyn and P,,, is further known to equal . . I .
[ié](W), i (@) an (@) a We begin our statistical investigation by deriving the CRB

for estimation ofry, based on the model (22). First we need to
o SNR(w)? -1 discuss hows (wy,) should be modeled. One option is to assume
CRB,(10) = <2T/ iaﬁ dw) . @an that{S(wk)}’g“:k, are unknown butleterministiqgparameters. In
o 1+25NR(w) the sensor array processing literature, it is well known that the

The subscript( - )s, indicates that the CRB is valid for the;g:;escp;o[nﬁ?g CRB usually is too optimistic and hence unreach-

single-path propagation model (1). In (17), we introduced theIn the following we instead assume that) is a zero mean

fs(')?r;?rlngiggl's:séixigi(g TW)P o (;)/ F ?Z;()WZ }/)vher?wv;/e wide-sense stationary random processes with power spectrum
Note. with the above aser;ptions gfﬁln ) ar?dy;i (t). Pys(w). Conditionedlon afi'xedf(wk;o), the DFT coefficients
theré exists a weighting(w)|? such that7 GlCC i the2 Méx- S(wy,) are asymptotically (|.e.., ay — o0) a sequence of un-
imum Likelihood (ML) estimator ofr, [16] correlated zero-mean Gaussian random variables with variances
) P, (wz), see, e.g., [18, Ch. 15]. Imposing the natural assump-
tion thats(t) andv(t; @) are independent, it follows from the
whiteness of (wy, ) thatX (wy ) andX (w;) are uncorrelated (but
Since our main goal is to understand how room reverbenmast necessarily independent!). This observation holds true irre-

tion affects the performance of acoustical source localizatispective of the value of the coherence bandwijdtfo see this,

B. Preliminaries
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study the expected value of the product of two arbitrary elememtsnotes the same transfer function with reverberation in-

X(wg) andX(w;) (k # 1) cluded. In order to relate Proposition 1 to the findings in [8],
let us include the effects of additive measurement noise in
Ep s {X(wp)X(w)"} the CRB expression (25). Assuming that the additive noise
= s {S(wi)S(w)*} Be{(A(wy; 7o) + V(wi: 8 n(nT;) is zero-mean, white, Gaussian, and with variance
SM ot(Alwximo) (:0)) E{n(nT,)n(nT,)T} = n*I,, the CRB expression (25) for the
=0 - case with additive measurement noise present reads as
X (A(wy;;m0) + V(w3 8))7 } = 0. (23)
k. 9 -1
For the above result to hold true, the expectation operator must CRBiev(m0) = [ 2 Z ng (28)
be defined athe ensemble avage over allsignal realizations, =k, 1 4 2SNRR(wp)

and over all source/microphone positiguienoted aflg s{ - }. . . ) ) )
The remaing and most difficult issue is to determine the st¢here the signal to noise and reverberation ratio (SNRR) is de-
tistical distribution ofX (wy,). For NV large S(wy) is Gaussian, fined as

and from the central limit theorem one could argue that also Poy(w) s
V(wi;0) is Gaussian. The random vect®(wy) is then a SNRR(w) = > R (29)
sum of {A(wk;70)S(wk), a Gaussian random vectoand SS(W)AU—,@‘Q) t

{V(wr:0)S(wk), a product of two uncorrelated Gaussian,ia thatp
random vectors It hence seems difficult to establish the(25)_ °
distribution of X(wy). In the following, we ignore that the
distribution of X (w,) is unknown, and perform the calculation
pretending thaX (w;) is Gaussian.

Proposition 1: Suppose thal{X(wk)}ﬁ;kl is a sequence
of uncorrelated zero-mean Gaussian random variables with

(w) appears in (28), in contrast to the expression

Proposition 1 can then be related to the findings in [8] by
S‘observing that SNRR in (29) corresponds to the average value
of SNReq (27), assuming that

1) the quantity H;(w; 8) — H;(w; 0)) corresponds to diffuse

X(w )X ()T — sound; .
Eo,5{X (wy)X(wy)"} = 0 and 2) d < ([les — em, |, les — em, ||) SO that the two micro-
E97S{X(wk)X(wk)H} Bg:)hnes receive an equal amount of energy from the direct

= Pss(wk)((f?:[]u + A(wk;T())A(wk;To)H). (24)
D. Analysis of GCC

The purpose of the following section is derive the variance
of 7 as defined in (15). Analysis df is in general difficult due
to the combined effects of a finite measurement time and the
. nondeterministic nature & (w; 6). To simplify the statistical
SRR2 ) analysis we will neglect the influence of a finite observation
= ZHQW Z Wi (25)  time, and focus on the effects of room reverberation.
k=ki Using Es{P12(w)} instead ofP1»(w) in (16), we find that

N A A
where subscript “rev” indicates CRB for the room reverberatich = &8 max, Q(7) whereQ(r) = Es{Racc(r)} and

Then, any unbiased estimatbiof the true time-delay,, satis-
fies

Eg s{(7 = 10)*} > CRB,ev(70)

model, and the Signal to Reverberation Ratio (SRR) is defined 1 [ _
as Q(r) = %/ |G (w)|? Pys(w)Pe(w)e?“™ dw  (30)
2 —"wﬂ;oo * _—jwToy
sRp2 L _A0-0) (26) Pe(w) = €777 + Vo(w) + Vi(w)e™
o2 1677232 e
Note, although the derivation is performed for the discrete time + Vo (w)Vi(w)*. (31)
~————

case, the dimension of (25) fig:conds]?.
Proof. Standard calculations which are omitted.
Based on empirical observations it was recently suggestes! simplify the notation, argumerit; #) has been suppressed.
that the CRB (17) for single-path propagation is valid also faro perform the analysis, we assume thas consistent in the
reverberant environments, with the distinction thatR(w) is  sense that — 70 aso — 0. We will not discuss precise

modified to account for the effects of room reverberation. Théynditions for this to hold, but simply assume that the user has

é(w)

“equivalent SNR” suggested in [8] reads as “chosen”d ands(t) so that? = 7 in the absence of reverber-
ation.
[ (w3 0)[* Pas () icidea ing i
(SNReq(w)); = The basic idea in the following is to compute the variance of

" |Hi(w; 8) = Hi(w;0)[2Pes(w) 4+ Pon,(w) 7 for large SRR's. Sincé maximizesQ(r), Q'(#) = 0, where
(27)  Q'(#) denotes the gradient @)(7) evaluated at. For SRR
large, a first order Taylor expansion yields
where H;(w; 0) denotes the transfer function from the source
to thesth microphone in case of no reverberation, d&hdw; 3) 0~ Q'(10) + Q" (0)(7 — 70) (32)
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whereQ” (o) denotes the Hessian. It now follows that Foré.m < 1(i.e.,2mpd/c < 1),/ 744170 = J0rToHi0uT0 o
ed?rT0(1 4 j6,70), andl'y can be simplified as
A ~ 1 / 33 : ]
T—To X~ _EQ (Tg) ( ) Fk ~ ejmro((éw)Z 4 5w¢k) ~ e]¢k705w¢k (41)

whereZ 2 lim _0Q"(ro). For high SRR the variance afis where the last approximation is applicable as lon§.ag wy,
thus given by 7 i.e.,Tso > 7/ f1 (=0.02 s for speech). The final approximation

of the gradient then reads as

s K
Eo{(7 — 70)%} = 02 = + o(c?) (34)
z Q (TO 2Pss(¢k)¢k( (¢k)eJ¢AT0
where
— (b)) e TPrToY.
K2 lim %Ee{(Q'(m))z}. (35) (¢r)"e ). (42)

Sincee(¢y) ande(¢;) are assumed uncorrelated foe# [, it is
Assuming thatVi(w) and Va(w) are Gaussian randomnow straightforward to computs
variables with a negligible spatial correlation it follows 2L 1
that B{e(w)e(w)*} = 207 Bg{e(w)é(w)*} = o and - Z|G b)) |4 Pys (H1)2 2. (43)
Eg{e(w)é(w)*} = 0. From these relationships, and since we
in (34) neglect all terms that are of ordeio?), P.(w) can be
approximated as

Since P.(w) — e7#“™ asg — 0, the Hessian evaluated at
T = 79, Can be written as

P.(w) ~ 79T 4 ¢(w). (36) 1 [@u
_ L _ Z = ——/ |G(w)|? Pys (w)w? dw (44)
Applying the approximation (36), the gradie@(r,) can be T Jo,
written as or with approximations similar to the ones that lead to (42)
1o :
Q) =5 [ 16 Pa)isle(w)e =
27 Jo , Z |G (1) P Pas (61) .- (45)
—e(w)* e dw. (37) k=0

Consider then the computation &f (35). The main technical Using (43) and (45), the large SRR mean square error (34) can

difficulty in computing K is the fact that(w;) ande(w2) have now be evaluated:
a nonnegligible correlation, unlegs; — w»| > 27p. Although  Eg{(7 — 7,)?}

this correlation with some effort can be included in the calcu- ZLA G (1) Pos (1) 202
lations, we have chosen a simpler but approximate approach. 2 =0 1 ZssA\TR) Tk 5 +0(c?). (46)
Introduce the following sampling of the frequency axis: (Zf;ol |G(¢k)|2PSS(¢k)¢>§)

br=w +k-b,, k=0,...,L. (38)  The mean square error (46) clearly depends on how the

weightings|G(¢y)|? are chosen. An interesting question is how
|G(¢4)|? should be chosen for lowest possible error variance.
Proposition 2: The error variance? K /Z? is minimized if

The sampling interval is in principle defined &s = 2xp, but

a small perturbation t@rp is allowed to ensure that is an

integer (i.e., so that;, = w,). This perturbation will only have

a small effect on the final result. G )2 = L (47)
Fork # [, we can then assume thdt);.) ande(¢;) are un- Pys (1)

correlated random variables. In the following we also require  pyqof: Define the following matrices:

that P;,(w) (and |G(w)|?) can be considered constant within

each frequency intervéiby, ¢, 1). Thatis, forw € [¢r, prs1), AT 2 [po\/Pus(po) - dr_1/Pus(dr_1)] (48)
it is assumed thaP,,(@) = P..(¢r) (and that|G(@)|? =

A . 2 2
|G(é1)]?). The gradien®)’ (7o) can then be approximated in the G Z diag{|G(Go)[", -, [G(P2-1)"} (49)
following manner: Y = diag{ Pss(b0), - - - Pos(br-1)}- (50)
j L-1 Then, it is easy to see that
Q'(m0) = o~ D 1G(61) [P Pos (1) (e(1 )Tk — e(1)Th) K
T k=0 — =(ATGA)T'ATGEGA(ATGA)T. (51)
(39) Z
Assuming thatPs,(¢r) > 0fork = 0,...,L — 1, it follows
where from well-known matrix optimization results (see e.g., ([19],
A [Or - Appendix 11.2)) that the best possible weightings are given by
b= /¢ wel |G(¢)? = 1/ Pas(hr)-

1 ] In general, the quantityss(¢r) is unknown. However, note
= = (/" (jhrgamo — 1) = T (o — 1)) that

7_0 . )
(40) |Eo,s{P12(¢x)} = |Pss(r)e 77| = Pog(d).  (52)
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Hence, a natural estimate &%, (¢x) is Pss(gbk) = |1512(¢k)|, Exactly as in [23] we have used (the inverse of) the band-width
which interestingly enough results in a GCC-method known a$ s(t) to sample@(7) with sample interval /w,,, and as in
the PHAse Transform (PHAT) time-delay estimator [16]. ThE23] an anomalous event is defined as

above calculations then indicate that PHAT is the GCC method

most suitable for reverberant environments, which agrees welf = [@Q(70 + Im/wy) > Q(7o) for at least one [ € L] (57)
with earlier observations cf. [20]-[22]. w

For large SRRs, our numerical experience is that the derived . . )
) . rob[€] we require knowledge of the statistical properties
results quite accurately predict the actual performance. As . . e
of the vectorz. Once again we will encounter difficulties

SRR decreases, we have however observed a discrepancy dﬁjlﬁect(g)rporating the effects of the correlation-functior\ofw; ),

the fact that terms of ordet* have been neglected. Including the nd as in the previous section we simplify the problem with the
effects ofé(w) [cf. (31)], the GCC error variance with respecf P P P

t0|G(¢i)2 = 1/Pu.(¢) reads as ollowing approximation:

L

1 ~ O(r) 2 2o ST p (i jonr
o SRR? b QN = Q1) 2523 P e +e(dr)el™ )
Eo{(7 —10)°} > (2—1+2SRR k:z;, ¢k> (53) k=1 o8

here£ 2 {la,..., —1,1,...,l2}. To be able to compute

Note that the dimension of (53) [seconds]?, and observe the Wherédr = —w, + & - 8., L = 2w, /8., and

Slmllarlty with the CRB (25) s(w) — ‘/2(0.1) + Vvl(w)*e—jw‘ro + ‘/2((‘0)‘/1(0.1)* (59)

E. Probability of an Anomalous Estimate The frequency spacing, is defined as in Section III.D, i.e.,

Knowledge of the large SRR mean square error (53) for a péSY”— = 2mp. Define the vectos as

ticular room configuration is certainly an important piece of in-z = [Q(ry + Iy /wy), - . . , Q(70), - . ., Q (70 +lo7 Jwy)]. (60)

formation. However, expression (53) is rather local in the sense

that it is reachable only for large SRRs. Consider the expected value of an arbitrary elemeat &ince
In practical applications, the limiting factor of the perEo{ﬁ(w)} =0

formance is typically the fact that GCC-based localization L

methods suffer from outliers, simply because the “wrong peak” Eo{Q(10 + ImJw,)} = b Z poeji—ﬁm

of the GCC functionRgcc(7) is selected. It is therefore of 2 el

interest to analyze the probability of an anomalous estimate. 5P

For the case with single-path propagation and additive uncor- = 220 p-jim Z e

related measurement noise, lanniello analyzed this probability 2 k=1

in a classical paper [23]. The purpose of the following section _ {Powu/w =0 ‘ (61)

is then to extend lanniello’s analysis to include the effects of 0 else

room reverberation. Hence Ey{z} = Ep{z}. Consider next the covariance between

Analysis of the outlier probability is difficult, and as in theyyg arbitrary elements of
previous section we have to make a couple of simplifying as- - -
sumptions. To begin with, let us assume that the zero-mean Covg{Q(70 + mn/w.), Q(7o + n7w/wy)}

wide-sense stationary random proc fulfills 2 p2 L .
vi9
pss(w) _ {PO |"i)| < wy ) (54) Iy k=1
0 che - { (207 +0%) m=n (62)
0 m#n

We further assume that the GCC weighting eqii@ie)|? = 1.
As in Section IlI-D, we study only the behavior of the randoriience, the componentsdfre uncorrelated with identical vari-

variableQ(7). ances. The remaining issue is to find the distribution.dor fi-
When the power spectrum eft) satisfies (54) nite L the distribution ot is difficult to find, simply since we do
. not know the distribution of(w). For L large, on the other hand,
Eo{Q(1)} = = Pow, sinc(w, (T — 7o) (55) We invoke the central limit theorem to argue thas Gaussian.
™ Note that the factoyw, /7, which appears in (61) and (62),

Note thatiZe{Q(70)} = Pown/m andEs{Q(ro+ (1) /wa)} = does not affect the computationBfob[£] and can be replaced
0 — L 0Wu ’ 0 u - . . . - JANR

0 for integersl = +1,+2, - - -. Define next the maximum pos-With €.g., unity. Itis thus the quanhhes’z =L H20% + _‘74)

sible time-delay asy; = d/c. Letl; be the smallest integer that@dlz — 11 that determines the outlier probability. Assuming that

fulfills 7o+117/w, > —7a7, and let; be the largest integer thatZ IS Gaussian, and that~ z, Prob[€] can be evaluated as [23]

fulfills 7o + low/w, < 7as. Define also théls —I; + 1)-dimen-

0o En la—1
sional vector from an equidistant sampling 6J(7) Prob[€] =1 —/ p(20) {/ p(z1) dzl} dzg. (63)

— 00 — 00

z=[Q(ro+hm/wu), ..., Q(70),...,Q(10+ a7 /wy)]. (56) Here, we introduced the following notation.
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. 2 2 Q(7o), i.e., the GCC function evaluated at the true Concentrating the resulting likelihood function with respect
time-delay. With the above assumptiong,c N'(1,o?). 1o “nuisance” parameters, the following criterion function is ob-
« 75 2 Q(10+17/wy),n € L. With the above assumptions,tained:

2z € N(0,a?).
* p(z): PDF of 2. Vamr(r Z log {[|TL; (1) X (we)[|*} (67)
i p(zl)‘ PDF szl k=k;
The integral (63) typically has to be evaluated using numerlcahereHL( ) denotes the projection matrix onto the orthogonal
integration.

In a practical setup witl3(¢) representing speech, assump_omplement of the space spanned/fiu:; 7)

tion (54) is typically violated. However, we conjecture_that the Ol 27 Awy; T)A(wi; T)H
above results are relevant also for colored source signals, as- i (1) = Tar — M
suming that we apply a GCC method (such as PHAT) that em-

ploys pre-whitening. We will return to this issue in the numericain€ time-delay is estimated by minimizing () with re-
examples. spect tor. The criterion functionVay(7) is nonlinear inr,

but in contrast td/sy( - ) it does not depend om?.

(68)

IV. ML E STIMATION OF 7y V. NUMERICAL EXAMPLES

Although we have shown that PHAT may be considered &s Properties ofQ(7)
the GCC-estimator most suitable for reverberant environmentsyn the first examples, we will assume that an infinite number
it may be of interest to study the ML estimator &f for the  of measurements of(¢) is available. The derived CRB is then
model (22). It should also be noted that PHAT is applicable onfyot relevant, and we focus on the outlier probability (63) and on
to the case with two microphones, whereas the ML estimatare GCC error variance (53).

to be proposed easily can include measurements ffbrix 2 \we study a scenario identical to the one in Section II-C1,

microphones. and we generate realizations of the room transfer function in
Assume that the sequen¢X (wy } 1 x, Consists of uncorre- an identical manner. We assume that the sampled source signal
lated and Gaussian random variables s(nT,) is white, and that /T, = 10 kHz. The source signal
then satisfies (54), wity,, /(27) = 5 kHz.
X(wr) € N(0, Pos(wi) (0°Tar + A(wk; 70)A(wi; 70) ™). For each realization df(t), we compute)(r) for 7! £ o +

(64) Ir/wy,l € [0,L], andr, is estimated from the maximum of
Q(7'). To get subsample resolution, the estimated time-delay is
Here, M denotes the number of microphones, ik, = 2. refined using quadratic interpolation, cf. [23].
Concentrating the log-likelihood function with respect to Suppose that = 3 m, and vary the reverberation time in
{Psq(wk)}k »,» Straightforward calculations show that the MLthe interval [0.03, 1] s. Sincg(nT,) is white, also frequencies
estimator ofr0 ando? is obtained by minimizing the following that are below the Schroeder large room frequency excites the

criterion function: room transfer function. However, for the studied interval of re-
verberation timesfs € [24, 143] Hz. The fraction of the signal
Vertr(1,02) = (ku — ki +1) {1+ = spectrum not satisfying conditiok is hence con5|dered_small.
Let us study the performance of GCC, assuming that

ky 11X () A (s 7 |2 |G(w)|?> = 1. In the computation of the GCC error variance
+M > log{l — T ITX L } (65) (53) and the outlier probability (63) we have usee= 10/Ts0
k=k; (02 + M) X (wr)] rather than the “derived” expression (10). Note, in agreement
with the definition in Section IlI-E, an outlier is defined as
Unfortunately,Vs\IL( ) cannot be concentrated with respeghe following event;Q(r,) < Q(ro + IT,) for at least one
to o, which leads to a prohibitively large computational comy ¢ £. To present the empirical standard deviatior: arf a fair
plexny Therefore, we consider the resulting estimator to be gfanner, we exclude estimates not satisfyjing 0| < 7.
theoretical interest only. Consider then Fig. 5, which show a good match between the
We next derive an Approximate ML (AML) estimator, whichtheoretical and the empirical results. We however note that the
is more attractive from a computational point of view. ASsumgCC error variance (53) is overly pessimistic for small values
that {X(wi)};,, consists of uncorrelated and Gaussiapf Ty, (T, < 0.07 s). The reason is probably that the number

random variables with the following distribution: of received echos is too few for diffuse sound to be present, in-
validating the assumption thaft) corresponds to diffuse sound
X(wr) € N(A(wi)S(wk), o7 ). (66) propagation.

In Fig. 6, we next consider the influence of the microphone
Hence,{S(wk)}ﬁ;kl are modeled as unknown bdéetermin- separationd. The simulation is identical to the previous one,
istic parameters. We further ignore the fact that the variancewith the distinction that we lefs, = 0.4 s and instead varyin
X (wy) is proportional td S (wy.)|?. Instead, we allow the param-the interval [0.05, 1] m. Fod > 0.2 m, the assumption that the
eterso; to be frequency dependent. spatial correlation oV (w; @) is negligible seems applicable.



800

Standard deviation of estimated time-delay
10 T T T T T

IEEE TRANSACTIONS ON SPEECH AND AUDIO PROCESSING, VOL. 11, NO. 6, NOVEMBER 2003

10'3 1 1 1 1 I

—o— Empirical |]
— Theory |]

-15 -10 -5 0 5 10
SRR (in dB)

Probability of Outlier

0.5 T T T T T

0.45f

0.35F

0.25F

0.15F

0.05f

0 n L .

—©— Empirical
— Theory

-15 5
SRR (in dB)

15 20

Standard deviation of estimated time-delay

10 T T T T T
—©— Empirical
— Theory
107"} .
10‘2 1 1 1 1 1 1
0.5 1 15 2 25 3 35 4
r (in meters)
Probability of Outlier
0.7 T T T T T
—*— Empirical
— Theory
0.6f i
0.5 4
0.4 g
0.3} E
0.2 4
0.1 4
0 e S i L 1
0.5 1 1.5 2 25 3 35 4

r (in meters)

Fig. 5. Standard deviation and outlier probability of the estimated time-delay
as a function of SRR. Here= 3 m, 7, = 0, p = 10/T},, and the results are Fig. 7. Standard deviation and outlier probability of the estimated time-delay

based on 300 Monte Carlo simulations.

Standard deviation of estimated time-delay

10 T T T T T T T
—6— Empirical
— Theory
107k 1
10_2 1 i 1 1 1 1

1 ! 1
0 0.1 0.2 0.3 04 0.5 0.6 0.7
Microphone separation (in m)

0.8 0.9 1

as a function of the distance between the source and the microphones. Here
d=1m,79 = 0,760 = 0.4 s, and the results are based on 300 Monte Carlo
simulations.

Consider finally Fig. 7, where we study the GCC error vari-
ance for various distances between the source and the micro-
phones. In Fig. 7 we applied a fixél, = 0.4 s, andd = 1
m. The empirical results show a good agreement with the the-
oretical error variance only far > 1.5-2 m. A plausible ex-
planation is that the results in Fig. 7 are affected by early reflec-
tions. Whenr decreases, the microphones will receive a number
of strong early reflections, invalidating the assumption &t
corresponds to diffuse sound propagation. Hence, to fully ex-
plain the results in Fig. 7, one probably has to include the effect
of dominant early reflections in the analysis.

B. Finite Sample Effects

In Fig. 8 we study the performance for a number of different
sample sizes. The reverberation time is fixed'gf = 0.4 s.
We study the AML method together with two variants of GCC:

Fig. 6. Theoretical and empirical standard deviation of the estimatgsAT and a variant WitHG(w)|2 — 1. In the simulation we

time-delay as a function of the microphone separation. Hege = 0.4
10/Tso, and the results are based on 300 Monte Carl

s,r =3m,p =
simulations.

have included additive white zero mean Gaussian measurement
noise. The noise level is chosen such that the ratio between the
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Fig. 8. Standard deviation and outlier probability of the estimated time-del&jyg. 9. Standard deviation and outlier probability of the estimated time-delay
as a function ofV. The source signal is a white Gaussian random process. He#s,a function ofV. The source signal is generated as in (69). Hégg,= 0.4

Tso = 0487 =3m, 7 = 0,p = 10/Ts0, and the results are based ons,” =3 m,7, = 0, p = 10/Teo, and the results are based on 500 Monte Carlo
500 Monte Carlo simulations. Legend “CC” refers to the GCC method wittimulations. Legend “CC” refers to the GCC method wWitHw)|* = 1.

|G(w)|? = 1.

d|_rect—path signal power gnd the_n0|se power equals 40 dB'ka) andX(w;) are independent and the frequency correla-
Fig. 8 the source signal is a white Gaussian random procegsy of V(w; 8) will affect the performance. In Figs. 8-9 we
whereas Fig. 9 illustrates the case with a colored source signglye handled this issue in a heuristic manner (legend “Modi-
fied CRB"). As previously discussed, the reverberant transfer
s(n) —s(n—1)+0.5s(n — 2) = e(n) (69) function has a coherence bandwidgthWithin the band-width
of the source signal there are approximatZ@lyNé 2(fu—f1)/p
wheree(n) is a white zero mean Gaussian random processcorrelated samples f (w;8). For N > N, the modified
Since we would like to simulate the averaging operat@RB of Figs. 8-9 is obtained from (25) with the distinction that
FEg s{-}, we generate a new realization of the source signal foy. = 27k/(NT5). In this case the modified CRB hence corre-
each realization of the room transfer function. sponds to the GCC error variance (53). Por< N, the modi-
First, we notice that the derived CRB is reachable only fdied CRB is obtained from the original expression (25). In prac-
N small. This is most likely an effect of an (quite unrealisticical applications the GCC error variance (53) hence appears to
assumption on the GaussianityXifw). Based on our previous be a more relevant performance bound than the CRB.
discussions, and assuming a realistig, it is reasonable to  Note, to present the results in a fair manner (Figs. 8 and 9),
assume that botN (w; #) and S(w) are Gaussian. The productany estimate not satisfying — 79| < 4 - vVModified CRB
V(w;#)S(w) is thennot Gaussian. The fact th& (w;) and was excluded from the calculation of the empirical standard
X(w;) are uncorrelated fok # [, then does not imply that deviation.
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We notice further that 1) “CC” performs worse than PHAT [2] J. E. Adcock, M. S. Brandstein, and H. F. Silverman, “A closed-form es-

and AML when the source signal is colored and 2) the theoret-
ical probability of an outlier agrees well with empirical observa- (4
tions also for colored source signals, as long as PHAT or AML

is applied and as long & is large (i.e.N > 2(f, — f1)/p).

From Figs. 8 and 9, we also draw the conclusion that AM
does not perform better than PHAT. The possible advantage of
AML is instead that it offers simultaneous processing of several

microphone signals in an effective way.

VI. CONCLUSION

Several studies in the literature have indicated that the
problem of localizing acoustical sources in the presence oft®
room reverberation is difficult, and there has been an interest in
analyzing the performance when room reverberation is present]

In the first part of the paper, we applied the theory of sta-
tistical room acoustics to develop a statistical model that expo]
plains the effects of room reverberation. In the second part we
applied the reverberation model to perform a statistical analysié%l]
The Cramér-Rao lower bound for the variance of the estimated
time-delay was derived, and a statistical analysis of GCC-basdég]
time-delay estimation was given. In this context, our contribu!
tions are 1) an explicit expression for the GCC error variance
has been derived and 2) the probability of an anomalous estjil4]

mate has been established.

The theoretical results were evaluated in a number of numeris)
ical experiments, where the image method was applied to sim-

ulate the room transfer function.

fuse sound.

Regarding the derived CRB, it seems reachable only for small
sample sizes. This is most likely an effect of an unrealistic as

sumption on Gaussianity.

Empirical observations together with the presented theory
show that GCC-based localization techniques are reliable only
for relatively large values of the signal to reverberation ratio
(SRR). Especially cumbersome is the fact that GCC-based lo-
calization techniques tend to produce large errors (outliers) un-

less the SRR is large. In our numerical examphdsR > 0 dB

typically guarantees that the probability of outliers is tolerable.

REFERENCES

timator for use with room environment microphone arraySEE Trans.
Speech Audio Processingpl. 5, pp. 45-50, Jan. 1997.

M. Omologo and P. Svaizer, “Acoustic source location in noisy and re-
verberant environment using CSP analysis,Pioc. ICASSPAtlanta,
GA, 1996, pp. 921-924.

H. C. Schau and A. Z. Robinson, “Passive source localization employing
intersecting spherical surfaces from time-of-arrival differencesZE
Trans. Acoust., Speech, Signal Processiog 35, pp. 1223-1225, Aug.
1987.

W. R. Hahn and S. A. Tretter, “Optimum processing for delay-vector
estimation in passive signal array$£EE Trans. Inform. Theoryol.

19, pp. 608-614, Sept. 1973.

C. Wang and M. Brandstein, “Multi-source face tracking with audio and
visual data,” inProc. IEEE 3rd Workshop on Multimedia Signal Pro-
cessing Copenhagen, Denmark, 1999, pp. 169-174.

C. Wang and M. S. Brandstein, “A hybrid real-time face tracking
system,” inProc. ICASSPSeattle, WA, 1998, pp. 3737-3740.

] B. Champagne, S. Bédard, and A. Stéphenne, “Performance of time-

delay estimation in the presence of room reverberatitfEE Trans.
Speech Audio Processingpl. 4, pp. 148-152, Mar. 1996.

J. P. lanniello, “High-resolution multipath time delay estimation for
broadband random signalsJEEE Trans. Acoust., Speech, Signal
Processingvol. 36, pp. 320-327, Mar. 1988.

T. Gustafsson, B. Rao, and M. Trivedi, “Analysis of time-delay estima-
tion in reverberant environments,” Rroc. ICASSPOrlando, FL, 2002.
B. D. Radlovig R. C. Williamson, and R. A. Kennedy, “Equalization in
an acoustic reverberant environment: Robustness resifSE Trans.
Speech Audio Processingpl. 8, pp. 311-319, May 2000.

H. Kuttruff, Room Acoustics New York: Wiley, 1973.

13] M. R. Schroeder, “Frequency correlation functions of frequency

responses in rooms,J. Acoust. Soc. Amervol. 34, no. 12, pp.
1819-1823, 1963.

J. B. Allen and A. Berkeley, “Image method for efficiently simulating
small-room acousticsJ. Acoust. Soc. Amevol. 65, no. 4, pp. 943-950,
Apr. 1979.

P. M. Peterson, “Simulating the response of multiple microphones to a
single acoustic source in a reverberant roodnAcoust. Soc. Amevol.

80, no. 5, pp. 1527-1529, Nov. 1986.

- o [16] C. H. Knapp and G. C. Carter, “The generalized correlation method
The performed statistical analysis is by no means exact; to be

able to perform the derivations several simplifying assumptio
were introduced. For our specific numerical examples, the the
retical error variance of GCC showed a good agreement with the
empirical results as long as 1) the reverberation time was great&!
than 0.07's, 2§ > 0.2 m, and 3) the distance between the sourcg, g;
and the microphones is larger than 1.5-2 m. For reverberation
times shorter than 0.07 s, the room impulse response contaiffd!
“too few” echoes for the assumption of diffuse sound to be ap-
plicable. For small source-microphone distances, the presen¢a]
of early dominant reflections invalidates the assumption of dif-

for estimation of time delay,lEEE Trans. Acoust., Speech, Signal Pro-
cessingvol. 24, no. 4, pp. 320-326, Aug. 1976.

P. Stoica and A. Nehorai, “Performance study of conditional and uncon-
ditional direction-of-arrival estimation,|[EEE Trans. Acoust., Speech,
Signal Processingvol. 38, pp. 1783-1795, Oct. 1990.

S. M. Kay,Fundamentals of Statistical Signal Processindgnglewood
Cliffs, NJ: Prentice-Hall, 1993.

L. Ljung, System Identification: Theory for the UserEnglewood
Cliffs, NJ: Prentice-Hall, 1987.

M. S. Brandstein, “A pitch-based approach to time-delay estimation of
reverberant speech,” iAfroc. IEEE ASSP Workshop on Applications of
Signal Processing to Audio and Acoustfibew Paltz, NY, 1997.

E. E. Jan and J. Flanagan, “Sound source localization in reverberant
environments using an outlier elimination algorithm,”Rroc. ICSLR
Philadelphia, PA, 1996, pp. 1321-1324.

M. Omologo and P. Svaizer, “Use of the crosspower-spectrum phase in
acoustic event localizationlEEE Trans. Speech Audio Processiugl.

5, pp. 288—-292, May 1997.

J. P. lanniello, “Time delay estimation via cross-correlation in the pres-
ence of large estimation errordEEE Trans. Acoust., Speech, Signal
Processingvol. 30, pp. 998-1003, Dec. 1982.

Tony Gustafsson(M’01) was born in Varnamo, Sweden, in 1969. He received
the M.S. degree in electrical engineering from Chalmers University of Tech-
nology, Sweden, in 1994, and in 1999 he received the Ph.D. degree in signal
processing from the same university.

[1] M. S. Brandstein and H. F. Silverman, “A practical methodology for From 1999 to 2000, he was a Postdoctoral Researcher at the University of Cal-
speech source localization with microphone arraggimput., Speech, ifornia at San Diego, La Jolla. Presently he is a Research Engineer at Switchcore

Lang, vol. 11, no. 2, pp. 91-126, Apr. 1997.

Corporation, Goteborg, Sweden.



GUSTAFSSONet al. SOURCE LOCALIZATION IN REVERBERANT ENVIRONMENTS 803

Bhaskar D. Rao(F'00) received the B.Tech. degree in electronics and electricohan M. Trivedi (S'76-M'79-SM’86) received the B.Tech. degree in elec-
communication engineering from the Indian Institute of Technology, Kharagptpnics from BITS, India, in 1974, and the M.S. and Ph.D. degrees from Utah
in 1979, and the M.S. and Ph.D. degrees from the University of Southern C&iate University in 1976 and 1979, respectively.
fornia, Los Angeles, in 1981 and 1983, respectively. Since 1995, he has been with University of California at San Diego, La Jolla,
Since 1983, he has been with the University of California at San Diego, kehere he is currently a Professor in the Electrical and Computer Engineering
Jolla, where he is currently a Professor in the Electrical and Computer EnBiepartment. He and his team are engaged in a broad range of research studies in
neering Department. His interests are in the areas of digital signal processagtjve perception and novel machine vision systems, and distributed video net-
estimation theory, and optimization theory, with applications to digital commuvorks. Noted accomplishments of his team include: active vision systems for
nications, speech signal processing, and human—computer interactions.  depth extraction; multiple camera based human body modeling and movement
Dr. Rao has been a member of the Statistical Signal and Array Processamglysis; a distributed interactive video array for wide area tracking and event-
Technical Committee. He is currently a member of the Signal Procesing Thetigsed serving; virtual view synthesis; and 3-D scene modeling using omni-di-
and Methods Technical Committee. rectional video networks.



	Index: 
	CCC: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	ccc: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	cce: 0-7803-5957-7/00/$10.00 © 2000 IEEE
	index: 
	INDEX: 
	ind: 


