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ABSTRACT Another way to address the problem is to consider the whole

Acoustic Impulse Response (AIR). Matched Filter (MF) is proposed
In this paper, we consider the blind multichannel dereverberatiogy equalize the room response [3]. In such a way, one increases
problem for a Single source. The multichannel reverberation Imthe dereverberation SNR (Compared to the De|ay-and_8um beam-

pulse response is assumed to be stationary enough to allow es@rmer). However, MF equalization introduces a large equalization
mation of the correlations it induces from the received signals. Ielay (of about the AIR length), and produces a pre-echo that is an-
is well-known that a single-input multi-output (SIMO) filter can be noying in several applications (speech recognition...). On the other
equalized blindly by applying multichannel linear prediction (LP) to hand, SIMO channel can be perfectly equalized using multiple FIR
its output when the input is white. When the input is colored, thefilters (transverse filters) [4]. Let us consider a clean speech signal,
multichannel linear prediction will both equalize the reverberations(n), produced in a reverberant room. The reverberant speech signal

filter and whiten the source. We exploit the channel’s spatiotempophserved o/ distinct microphones can be written as:
ral diversity to estimate the source correlation structure, which can

hence be used to determine a source whitening filter. Multichannel y(n) = H(q)s(n) @
linear prediction is then applied to the sensor signals filtered by the . .
sourcepwhitening filter, to ggtain pure source der%verberation. A)\/ke herey(n) = [yi(n) - yMT(n)]T S trl? revgr_b_erant speech signal,
parameter in this dereverberation scheme is the order of the souréb(®) = [H1(q) - Hu(@)] = 3% hig"" is the SIMO chan-
whitening filter. It determines the tradeoff between the modeling er€! transfer functionZy, is the channel length, anpi is the one
ror (limited source whitening) and the estimation error (due to th&@MPle time delay operator. According to thezBUt's identity, if
blind estimation of the source correlations). In this paper we proth€ channelsi(q) - - - Hu(g) does not have common zeros, then
pose, using a statistical room reverberation model, a design to opfiF (4) = [F1(q) - - Fa(q)] such that:

mize the whitening order (function of the room characteristics, and

the number of sub-channels). F(Q)H(q) = % Fn(q9)Hm(q) = 1 2

m=1

1. INTRODUCTION If H(q) is known (or can be estimated), the coefficientsFbf(q)
The quality of speech captured in real-world environments is invarican be computed by the well-known rules of matrix algebra. The
ably degraded by acoustic interference. This interference can &R blind estimation should face the channel/speech identifiability
broadly classified into two distinct categories: additive and convoproblem. In fact, for any scalar filter(q), (H(q)/a(q), a(q)s(k))
lutive. The convolutive interference (commonly referred to as reveris also an acceptable solution of (1). To deal with identification am-
beration) is due to soungrave reflections from surrounding walls  biguities, one can exploit a prior information on source spectrum. In-
and objects. It leads to a modification of the speech signal charageed, if the source is white, the channel can be equalized using multi-
teristics. Therefore, it constitutes a major problem in speech recoghannels linear prediction [5]. For colored input, we take advantage
nition, speaker verification, and general auditive comfort in "handsef the spatial diversity to estimate the source color; and we propose a
free” telephony applications. Blind dereverberation is the process afee-stage speech dereverberation procedure exploiting spatial, tem-
removing the effect of reverberation from an observed reverberamoral, and spectral diversities [6, 7]:

signal. e First, the colored non-stationary speech signal is transformed

A simple multi-microphone speech dereverberation system is into an iid-like signal. Exploiting spatial and temporal diver-
the delay-and-sum beamfomer [1, 2]. The dereverberation is per-  gjtias e estimate the AutoRegressive(AR) whitening filter
formed by a simple averaging over the sensor outputs, delayed 10 paged on received correlations (averaged over the subchan-
focus in the direction of the desired speaker. Note that beamform- nels).
ing exploits only a partial spatial information (relative delays), and . ) .
ignores the input signal characteristics. e Then, a blind channel predictor is computed based on pre-

processed reverberant speech.

*Eurecom Institute’s research is partially supported by its industrial mem- e Finally, speech signal dereverberation is performed using a
bers: BMW, Bouygues dlécom, Systems, Francelétom , Hitachi Europe, zero-forcing equalizer based on the predictor computed in the
SFR, Sharp, STMicroelectronics, Swisscom, Thales. The research reported previous step.
herein was also partially supported by the European Commission under con- ] . .
tract FP6-027026, Knowledge Space of semantic inference for automatic aff-ke€y parameter in our dereverberation scheme is the order of the
notation and retrieval of multimedia content - K-Space. whitening filter. In fact, if the correlation matrix of the pre-processed



speech signa#(k) = a(q)s(k) is spherical and if we take a long and phases of individual plangaves is salose to random that the
enough multichannel LP filtfZ, » > £2=1), Delay&Predict equal- sound field is uniformly distributed throughout the room volume.
. . . . . This theory closely describes the room acoustic behavior if the fol-
izes perfectly the channel. To investigate the choice of this pararq(-)wing conditions are met[8]:

eter, we plot the curves of the output Direct to Reverberant Ratio A1) The dimension of the rbom are large relative tofevelength
(DRR) (function of the whltenlng fllt_er order) _usng 4, a_nd8 M of the source signad(t). For the frequencies of interest in speech
crophone array setups. The whitening order is plotted in Iogarlthm'f)rocessing, this condition is easily satisfied in almost all rooms.

scale20log.a(1). A2) The average spacing of the resonance frequencies of the room
15— ‘ ‘ ‘ ‘ ‘ must be smaller than on third of their bandwidth. In a room with vol-

umeV (in m?), and reverberation tim&s, (in seconds), this con-

. dition is fulfilled for frequencies that exceed the "Schroeder large

room frequency”:

10

fs =2000+/T60/V ?3)

of ] A3) The source and the microphones are located in the interior of
the room, at least a halfavelength away from the walls.

Under the above conditions, the frequency respdiég) (the Fourier
transform ofh(¢)) can be treated as a random function of the source

‘ ‘ ‘ ‘ : and microphone positions. These statistical properties are indepen-
20 s0 ~ >0 0 w° dent of the time-instant of the observation. They are determined by

whitening order (in dB)

Fig. 1. The output DRR (function of the whitening filter order), the room characteristics (volume, reverberation time, average wall

using2, 4, and8 microphones absorption coefficient...).
) . We write the transfer functio# (f) as
If we have only2-microphones, the two-channel filter cannot be as-
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sumed to be all-pass (spatial diversity is not enough). Then, by in- H(f)=H"(f)+jH'(f) 4)
creasing the order of the whitening filtér 100) we are capturing whereH" (f) and H'(f) are real and imaginary parts &f(f), re-
details belonging either to the clean speech, and/or the channel. TQSectiver' ang = /(=1

whitening in the first stage will also remove some channel correlawe next cite a couple of useful results derived using the Statistical

tion before the multichannel equalization. The fact that affects th??oom Acoustics (SRA) theory[8, 9, 10, 11]. Assuming the assump-
overall dereverberation accuracy. However, forgheicrophone ar- ;- (A1-A3) to be fulfilled: DR

ray setup, the all-pass multi-channel assumption is better matche_dp "(f), andH' (f) are independent zero-mean, Gaussian process
Then by increasing the whitening LP order, we remove essentially ' _ 2’ 1-8 ’ '
more source correlation. And the whiteness assumptighiebet- - (|H(f)|*) = <|15V(f)|2 + [H ()] > =—1
ter fitted. Remark that this problem is quite different from the cIassiQNhere rAfS

. R (.) is the spatial expectation (estimated by averaging over all
AR order selection problem, where the estimation of the source COKossible source and microphone positiorks the average wall ab-
relations is troubled by the finite number of the available observ:

) 131 1 bl havi h ob ) a’éorption coefficients, and is the total wall surface area.

t'orr‘]s[ . In our problem, we assf“'l‘q“e aV'T‘gc?”‘?”g |° Sle“’a“‘;rﬁ denotingr, (t) = Y h(r)h(r — t)dr = IFFT (|H(f)|*) the

tc_) ave an e_lccurate es“m"?‘“"” ol t € received signais colors. tocorrelation of the room impulse response, one can show that:
disturbance is due to the blind estimation of the source correlations:

the channels are not flat and the number of microphones is not infi- (ra(t)) = 1-8 5(t)

nite. The whitening order should optimise the tradeoff between the ) TA

modeling error (limited source whitening) and the estimation error <7“h (t)> = cstexp (— [t[ /7o) ®)
(due to the blind estimation of the source correlations). In this paper (rn(t)rn(t2)) =0 Vi1 # to

we propose, using a statistical room reverberation model, a design to

optimize the whitening order (function of the room characteristicswherery is the time for which the sound energy in the room decays

and the number of subchannels). to1/e of its initial value after impulsive excitationd = Ts0/13.8).
Notations: Upper- and lower-case boldface letters denote ma-

trices and vectors, respectively; whereas upper-case normal lettéfé also assume that the room impulse response between a source

denote spectral qualities? {.} and(.) represents respectively the and M microphones (and the corresponding autocorrelations) are

statistical expectation and the Spatia| averag"(]g_H denotes the i.i.d. ThUS, by averaging the correlation of the different sub-channel

complex conjugate (Hermitian) transpose operator. (ra(t) = 57 Yopesy Thom (1)), We have
_ _1-p
2. STATISTICAL ROOM REVERBERATION MODEL (rar () = (ri (0) = 73 (%) ©)
In this section, we introduce the room reverberation model, which is var(ras(t)) = %var(rh1 (1))

built on some well-known results from statistical room acoustics.

Studying an empty rectangular room, the room impulse responsghere va(z) = <m2> — (z)? denotes the spatial variance. Note
h(t) can be computed by solvingwave equation. At higher fre- that the previous results can be also derived by modeling the room
quency, the complexity (in terms of the number of modes) of thémpulse response as one realization of a non-stationary stochastic
deterministiovaveequation modeling increases to a point where ex{process[12]:
act analysis is no longer feasible. To modét), we will apply the h(t) = b(t)e,t/g %
theory of random (or diffuse) sound fields[9]. The crucial assump- -

tion of statistical room acoustics is that the distribution of amplitudesvhereb(t) is a centered stationary Gaussian noise.



3. SPEECH SOURCE WHITENING wherecy = %, andry, 5, (t) is a zero-mean random process.
If we assume tha\/t% < 1, using second-order approximation

As it is reported in the previous section, using the SRA theory one M)
can show that for frequencigs> focn = 2000r/Teo/V, the aver- ~ ON€ can show that
i i i ~ — C — — —
age reverberation spectrum is flat , i.e., av = R. lps n ]1\4 (Rs lpe,M —R; lRe,MRs lps) (14)
o 2 _
(Jor (o)) =155 ® e
7.“4/3 + M (Rs Re,MRs Re,MRs Ps — Rs Re,MRs pe,M)

Simulations shows that the superposition of the SIMO sub-channels
spectrums tends to be flat as the number of microphones increask .
[6]. Then, the superposition of the spectra of the received signals cdl Ry, (resp. py,u), Where T.y’f‘f(t) is replaced t_)yrs (t) an(_j

estimate (up to a multiplicative factor) the source spectrum. As thige’M(t)' Then, we use the predictai, (performed using the noisy

common part is due to the anechoic speech signal, it can be model (al:_rce correlat|_or7ry,M_(t))_ to wbthen the speech source. The pre-
as an AR process, i.e., ICtion error variance is given by:

gereRs, andRe, ar (resp. ps, pe,m) have the same structure

)= - ) © 0f = o, —anp. —pham +anyR.Ay (15)
s(n) = ——us(n _
As(q) = o.-piR;'Ps
2
whereu, (n) is a zero-mean white process. The common AR coeffi- | ©L (pe.rr — Re,MRs_lps)H R:' (pe,wr — Re,wRZ'ps)
cients can be estimated as those that minimize the sum of the squares M
of the prediction errors, averaged over the microphones: We observe that the prediction error variance can be decomposed
M oo M oo . 2 into two terms:
_ 20\ _ - e A deterministic termv2 — pZ R ! p, representing the error
e = ex(n) = k(n) — a;jyr(n — 10 s — Pps v Ps I€]
;; o ;,; pet) ; pe(n=g)| (10 due to the use of finite order filter predictor.

. N ] e A stochastic term
The previous optimization problem leads to the normal equations:

C2 — — H — — —
Py (0) myar(1) <oy (I —1) 7 [an (1) (1) 17 (BoyPerr—RIPs) Re,w Ry Re,m(R7 3y pe,vi—R ps)
ry.m(1) rym(0) -y m(1=2) | am(2) Ty, (2) _ . .
. . . =— . representing the error due to the use of noisy correlations
: ry,m(t) to estimate to source color. Note that this term in-

rym(l=1)- ry (1) ryar(0)] [ane(l) ry.m (1) creases with the AR order, and is inversely proportional to
~ — — the number of microphones.
Ry M an Py, M

The whitening order should be optimized to give the best tradeoff

1 & . ) between these two terms.
where -y () = +- > Py (t) is the correlation of the re-
k=1

ceived signal at time-laj(averaged over th&/ microphones). 4. WHITENING ORDER SELECTION

- T4y, () represents the correlation at the time-jagf the ) o )
received signal at the'” microphone. 4.1. Stochastic Whitening Order Selection

- {ax(t)} are the common AR parameters. _ Aswe can see from (15)2 depends on the channel realization (via
If the WkEtenlng filter is estimated using the source correlatlonspe, m andR. ar). These information are not available (our goal is
s(n) = Am(q)s(n) = ‘X:’((qq)) us(n) will be perfectly white if the  to perform blind equalization). Thus, we propose relaxing the cost
AR order goes to infinity. However, as source correlation@) function in (11), and computing the prediction order that minimize
are unknown and only, x(t) are available to estimate the source the spatially averaged prediction error variance, i.e.,
color, infinite order is no-longer optimal. The optimal whitening or- N ) 9
der should be choosing as that minimizing the mean of the prediction I = argmin (03) (16)
error variancer? = E {3(n)’}, i.e.,

In such a way, we select a whitening order optimal in the average
I = argmin o2 (11) (over source and microphones positions), but not necessarily for the
! given channel realization. Note also that the (16) depends on the

On the other hand, the averaged received correlatipng(t) can ~ room statistics (function of the reverberation time, room volume...),
be written as a function of the source correlatiepg@) and the av-  but no-longer on the channel realization. Knowing the source corre-

eraged channel correlations, i.e., lations and the statistics of the room impulse response, one can have
an analytical expression aéfr%} However, this analytical expres-
Ty (t) = rs(t) *rn,m(t) (12)  sionis very complex to derive and to implement (even using second

g_rder approximations). So that, we propose computing the expecta-

By decomposing the averaged channel correlation into a determini . . ;
tion using Monte-Carlo simulations:

tic and a zero-mean random processes, we have:
1. We generate random channk(g) using (7) (having the same
second order statistics as the room impulse responses)

rym(t) =co | rs(t) + \;—IM s %1y () 13) 2. We computerZ using the random channetg(t).
—_———

re ar(t) 3. We average over the random channels realizations.



Remark thatZ depends on the unknown source correlations (aver
aged over a given frame). However, the correlation details are ne
relevant, only the shape of the speech correlations is important. £
that, we propose compute (16) using a priori speech correlation es
mater;(t) (averaged over a long period of time, speakers ...). Fig. :
subplots the curves of the averaged prediction e(mﬁl} function

of the whitening order for 2 and 4 microphones. As it was expecte
from (15), the optimal whitening order for 4 microphones is higher
than the one for 2 microphones. We also remark that the optimiz
tion results are coherent with the dereverberation results (Fig. 1).
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Fig. 2. The averaged prediction err@r%) function of the whitening
order for 2 and 4 microphones.

4.2. Deterministic Whitening Order Selection

The order selected in the previous section is optimal in the averagé?’]
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Fig. 3. The prediction errorZ computed using the source covari-
ance matrix (a), or using (18) (b)
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this approach is due to local minima. To alleviate this problem, we
can use stochastic whitening order selection to situate approximately
the optimal order. Then deterministic whitening order selection is
derived to optimize the AR order for the given channel realization.
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