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Abstract

This papemresents methodfor blind estimationof reverbera-
tion timesin reverberanenclosuresThe proposedalgorithmis
basecdbn a statisticalmodelof short-termog-enegy sequences
for echo-freespeech. Given a speechutterancerecordedin
a reverberantroom, it computesa Maximum Lik elihood esti-
mateof the room full-band reverberatiortime. The estimation
methodis shavn to requirelittle dataandto performsatisacto-
rily. The methodhasbeensuccessfullyappliedto robustauto-
maticspeechrecognitionin reverberanernvironmentsoy model
selection. For this application,the reverberationtime is first
estimatedrom the reverberatedspeechutteranceo be recog-
nized. The estimationis thenusedto selectthe bestacoustic
modelout of alibrary of modelstrainedin variousartificial re-
verberantonditions.Speectrecognitionexperimentsn simu-
latedandreal reverberanternvironmentsshav the efficiency of
our approachwhich outperformsstandardchannelnormaliza-
tion techniques.

1. Introduction

For the pastdecadesthe numberof applicationswvhich involve
transmittingspeechin reverberantroomshascontinuouslyin-
creasedLet’'s mentionhands-fregelephory, video-conference
or hands-freeautomaticspeectrecognition(ASR) amongoth-
ers. Roomreverberationis often consideredasan undesirable
effect which corruptsary speechsignal propagatingfrom a
spealkr to a microphonein areverberanroom. Thereverbera-
tiontime T [7] hasbeenacentralparametefor characterizing
roomreverberation.Hence,measuremenof the reverberation
time is avaluabletool for designingroom acousticsanddevel-
opingaudiosignalprocessingpplicationsn orderto reducethe
impactof roomreverberation.Thereverberatiortime is classi-
cally measuredl7] eitherfrom anenegy decaycurve, or froma
roomimpulseresponseising Schroedes method. The former
directly measureshe time intenal in which the soundenegy
in aroomreache®nemillionth of its initial value(-60dB)after
interruptinga soundsource. The latter derives the reverbera-
tion time after reverse-timeintegration of an acousticimpulse
responsaneasuredetweena sourceanda microphonein the
reverberanroom.

In this paper we proposean algorithm for blindly esti-
mating the reverberationtime of a room from speechsignal
recordedn thatroom. We first modeltheimpactof roomrever-
berationon echo-freeshort-termog-enegy L.q Sequenceby a
parametridistortionmodelwhosecoeficientsarerelatedto the
reverberationtime. Then, given a reverberatedL., Sequence,
Maximum Likelihood (ML) estimatesf the distortion model
parametersire obtainedusinga statisticalmodelfor echo-free
L¢q sequencesThelastmodelis trainedbeforehandn aclean
speectdatabaseFinally, the estimateof the reverberatiortime
isderivedfrom theestimate®f thedistortionmodelparameters.
Thealgorithmrequiredittle data,e.g. afew second®f speech

signal,andis usefulfor on-line estimationof the reverberation
time.

We alsopresenin this paperatechniquefor robustASRin
reverberanervironments.Themethodis basednselectinghe
bestacoustianodeloutof alibrary of modelstrainedseparately
in differentreverberantonditions.Thebestmodelis themodel
trainedin thereverberantonditionsmostcloselymatchingthe
reverberatiortime of theoperatingenvironment.Hence the se-
lectionis directedby prior estimationof thereverberatiortime
from thereverberatedpeectutteranceo berecognizedsia our
newly proposednethod.

The paperis organizedasfollows. In the next section,we
describehealgorithmfor the blind estimationof thereverbera-
tion time. Resultsfor recognitionof connectedligit sequences
in reverberantervironmentsby modelselectionarereportedn
section3. Concludingremarksaregivenin section4.

2. Estimation Algorithm
2.1. Room Reverberation Model

Themostdetailedmodelof roomreverberatioris theroomim-
pulseresponséetweenthe speakr andthe microphone.One
canproposeo identify blindly theroomimpulseresponsérom
recordedreverberatedspeechandthen computethe reverber
ation time from the estimatedimpulse responseg.g. using
Schroedes method7]. Sincetheblind identificationof aroom
impulseresponsas a badly conditionedtask, we proposein-
steadto usea simpler model of room reverberationin order
to simplify the Tso estimationproblem. We decideto model
the impactof room reverberationon the short-termlog-enegy
(Leq) S€quenceX,, insteadof onthecleanspeectsignalz,,,

N 1 MmNy +Ny—1
X, = 101log;, (N— > xi> (1)

n=mN,

with N, £ T,, x F, andN, £ F,/F,, wheren, m, T, F,

and F;. denotethe sampleindex, the frameindex, the analysis
frame length [s], the samplingfrequeny [Hz] andthe frame
rate[Hz], respectiely. Figurel givesan exampleof a clean
speechutterancer,, andits reverberatedversiony, obtained
by convolving z,, with a typical room impulseresponséh., .

Thefigure alsoshawvs the distortion on the corresponding’eq

sequenceX,, andY,, computedafterpropernormalizationof

the speectsignals. Underthe assumptiorthat the soundfield

is diffuseandthatthe reverberatiortime is frequenyg indepen-
dent, the decaysof Y,,, from peakto valley shouldbe exactly
linear, andthusexponentialin the linear enegy domain. That
is, the impactof room reverberationcanbe modeledby a first
orderauto-rgressie (AR) filter,

Wm =a0Zm +a1Zm—1 2
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Figurel: Waveformsfor (a)acleanspeectutterancer,, and(b)
its reverberanversiony,,, andthecorrespondind.eq sequences
(c) X, and(d) Y,, for T,=30msand F;,=100Hz.

Xn h, Yn
Y ¥ Y
Xm W, 1 z Y,
Am | (r0) [ Y¥m| 1 |“em| | 'm_
10 Groyzt 10|oglo(.

Figure2: Roomreverberationprocesqupperpart) for tempo-
ral signalandequialentdiffusemodel(lower part) for Leq Se-
guence.

whereWw,, £10%/1° andz,, 210¥~/'° denotetheshort-term
linear enegy sequencesf the cleanand reverberatedspeech
signals respectiely. Theassumedeverberatiormodelis sum-
marizedin figure2. In thesequelwe describeamethodfor ML

estimationof the AR coeficients (ao, 1) from the obsered
Ly Sequencé’, only. Our estimationalgorithm requiresa
statisticalmodelfor the echo-freeL., sequenceX,, whichis

briefly presentedn the next section. Oncea; hasbeenesti-
mated,Tso canbederivedvia[7]

Teo = log 10°/(—log(—au) x F). (3)

2.2. Echo-free Leq Sequence Model

ThecleanspeechLey SequenceX,, is typically non-stationary
and characterizedy two statescalledthe silenceandspeech
states. Furthermore,successie values are undoubtedlynot
statisticallyindependent:they are correlated(seefigure 1.c).
Hence we chooseto model X,,, by a 2-statesone-dimensional
Linear Predictive Hidden Markov Model (LP-HMM) [6]. In
this model, the L., sequenceX,, is generatedy processing
theemissiorsequences,, with anAR filter of order P,

P
Bo(sm)Xm = Em — Zﬂp(sm)Xm—p (4)

p=1

whosecoeficients 8, (sm), p = 0,... , P, arefunction of the
LP-HMM statesequencea,,. The emissionsE,, areassumed
to beconditionallyindependengiventhestatesequence.,, and
have a Gaussiardistribution with meany; andvariances; for
sm = 1,1 = 0,1. To completeour model, we definethe

transitionprobabilitiesa;; 2 Plsm = jlsm-1 = i]. All the
parametergan be estimatedby an Expectation-Maximization

Table 1: Parametersof a 2-statesone-dimensionafirst-order
LP-HMM for L¢q sequencef cleanspeector T\,=30msand
F,=100Hz.

Sm =1 | Qi  Qij wi  o; Po(t)  Bi(d)

0 095 005 -43 42 10 -0.92

1 0.03 097 11 32 10 -0.77

Em 1 Xm
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Figure 3: 2-statesone-dimensionafirst-order LP-HMM for
modeling Leq sequenceof clean speech(0: silence state,
1: speectstate).

(EM) algorithm[6] from Leq Sequencesxtractedfrom a clean
speectdatabaseNote thatthe modelingis doneover the log-
enepgy sequencebecausehesedatahave a betterconditioned
dynamicgthanthelinearenegy sequencesrigure3 illustrates
a2-statene-dimensiondlP-HMM with AR filters limited to
firstorder(P = 1) whichis usedin thiswork. Tablel givesthe
parametersf themodeltrainedonacleanpartof theAURORA
speecltdatabas§?].

2.3. Maximum Likelihood Ts¢ Estimation

In this section,we presenthe algorithmfor blindly estimating
the reverberationtime Tso. The algorithmis inspiredby ML
stochasticmatching[8]. Given a statisticalmodel of the un-
obseredcleanL., sequenceX,, (section2.2),the parameters
(ao, a1) of thedistortionmodel(section2.1) areestimatedso
asto maximizethelikelihoodof the obseredreverberated.eq
sequencé&’,,. Maximizationis performedby aniteratve EM-
like algorithm. Givenan obsered L., sequenc&y” of length
M + 1, or equivalently its linear counterpartzy”, andcurrent
estimateiaff), aﬁ“) of thedistortionmodel,we first compute
(E-step)the auxiliary function,

£4+1 £4+1 £ £
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wheres)! denoteghe hiddenstatesequencef the LP-HMM.
We thenfind re-estimationformulaeby maximizing (M-step)
equation(5) with respecto (o™, a{*"). Sincethe distor
tion parameterslo not dependon the statesequencewe can
equivalently solve,

(i, al"*Y) = argmax E [log p(Z3"Is3")]  (6)
where conditioningargumentshave beendroppedfor easeof
notation.In orderto derive closed-fornre-estimatiorformulae,
we assumehatthe /-th estimatelV,&") = aé”Zm + agl)Zm,l

is closeto the next estimationW,Sf“). Hence,one canwrite

thefollowing linearapproximation,
10 10g10(W7(rf+1)) = 1010g10(Wr(nl))
HWR T =W AW,y =1log(10)/10  (7)

usingTaylorseriesexpansionimited to first order Equation(7)
canberewrittenas
1
XG0 =S A Yz, + BETY (8)
k=0



with A(Hl)A ol WP andBEHY £ X0 —1/4. Using
equatlon(4) for P = 1, we obtainthelinearrelation,

9)
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Hence we have now to solve,
(a1, af"*1) = arg max E [log (p(E3"1s3)11)| (10)

with |J| denotingthe determinanbf the Jacobiarof the matrix
form of the linear transformation(9) betweenthe obseration
vectorZ}! andtheemissiorvector E}Y. By propernormaliza-
tion of the speechutterancesiuring training of the LP-HMM

andduring estimationof Tsg, we canconstrainag to be equal
to 1. Underthis constrain,one caneasilyshav that|.J| is in-

dependentf (ag,@1). Furthermoregsincethe emissionsare
conditionallyindependentequation(10) becomes

M
agl‘H) = arg max Z E [logp(E%+1)|sm)] . (11)
m=0

Equation(11) can be further da/eloped by introducingthe a

posteriori stateprobabllltleSfy(Z). = Plsm = i|Z07, §‘>]
0,1. UsmgtheassumptlonhatEm is Gaussmrdlstnbtjted we
flnd

M1
a&“’l) = arg max Z Z E’(H'l) wi)oi  (12)
m=0 i=0

where constantterms have been cancelledout. The re-
estimationformulafor «; is obtainedby settingthefirst deriva-
tive of theright-handtermof (12) with respecto ag”l) tozero
afterusingrelation(9). Wefinally obtain,

Al = (Lp® _ g®) /0 (13)
with pt©, ¢'© andr® definedas,
A
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Theresultingiterative estimationalgorithmis outlinedbe-
low:

1. Initialize the estimateof the distortion parametera( )

(ao = 1) andset? = 0, andcomputeZ,, = 10¥"/1°,
=0,...,M;

2. Apply the inverse distortion filter to obtain

W,Sf) = aff)Zm + agl)Zm_l, and compute

X5 = 10log,, Wi, m =0,... , M;

3. Estimatethe a posteriori stateprobabilities'y,(qf?i viathe
Forward-Backvard algorithm [6] given the LP-HMM

parameterand X, m = 0,... , M;

4. Obtainupdatedestimateof o{‘*") by applyingthe re-
estimationformula(13)—(17);

5. Setl = £+ 1 andgoto 2 unlessconvergenceis reached,;

6. Derivethereverberatiortime Tso from a(z) via (3).

3. Application to Robust ASR

In [3], we shaved thattraining acousticmodelson artificially
reverberatedspeechcan provide robust systemsfor hands-
free speectrecognitionin reverberantervironments. We pro-
posedn [3] to producereverberatedpeectby processinglean
speechwith a filter whosefinite-lengthimpulseresponséeh,,
is designedto matchthe reverberationtime of the tamet re-
verberantoperatingervironment. Underthe assumptionsghat
the soundfield is diffuseandthatthe reverberationtime is fre-
queng independentthe syntheticimpulseresponsék,, canbe
obtainedby shapinga Gaussiarwhite randomsequencavith
a decayingexponentialwhosedampingconstants directly re-
lated to the reverberationtime. Oncea reverberateddatabase
hasbeengeneratedby convolving a cleanspeectdatabasevith
hn, anacousticmodel correspondindo the specifiedTso can
betrainedfor speechrecognition.Repeatingheprocessor dif-
ferentvaluesof Tgo, a library of acousticmodelscanbe build
for variousreverberatiortimes. Sincethe reverberatiortime is
rarely known in advance,Tso hasto be estimatedduring oper
ation from the speechutteranceto be recognized.Hence,the
proposed’so estimatioralgorithmcanbeusedfor selectinghe
bestacoustianodel.

3.1. Speech Material and Recognizer Description

The speechmaterialusedin this work comesfrom the clean
part of the AURORA [2] databaseand consistsof connected
digit sequencesRecognitionexperimentsare performedwith
a phoneme-basetiybrid Multilayer Perceptron(MLP)/HMM
recognizer The phonemea posteriori probabilitiesare esti-
matedby a MLP fed with acousticfeaturescomputedfrom
30mslong/10msoverlappingframesof speectsignalsampled
at8kHz. Theacoustideaturesareobtainedby oneof threefol-
lowing front-ends:Mel-warpedfrequeny cepstralcoeficients
(MFCC), MFCC with cepstrameansubtractiofCMS) [4] and
logRASTA-PLP [5] coeficients. The last two front-endsare
known to be robustto channeldistortion. Speechdecodingis
doneby Viterbi searchwith neitherpruningnor grammarcon-
straints.

3.2. Experimental Results

First,we trainednineacoustianodels:oneon echo-freespeech
andeighton artificially reverberatedraining setsfor Tso vary-
ing uniformly from 200msto 1600ms. For eachTsg, the cor
respondingraining setwas obtainedby usingthe methodde-
pictedin the previous section. Meanwhile,testsetsweregen-
eratedby corvolving the cleantestsetwith room impulsere-
sponsesomputedby the ImageMethod[1]. Thewall absorp-
tion coeficientsof thereverberantroomsimulatorwerechosen
to getspecificreverberatiortimes. Table2 reportscross-testing
results. We seethatthe lowestword errorrate (WER), i.e. the
sum of the substitution(SUB), deletion (DEL) and insertion
(INS) errorratesjs alwaysachiezedby theacoustianodelmost
closelymatchingthe testingconditions(main diagonal). Even
if thereis noacoustianodelwhich matchesxactly thetestTso,
theperformancef theselectednodeldoesnot degrademuchif
thegrid for Tso in thelibrary of acoustianodelsis tightenough.



Table2: Performance®VER [%] of MFCC-basedacousticmodelstrainedon artificially reverberatedspeechfor variousreverberant

testingconditions.

Trainingset

Testset clean Ts = 200ms 400ms 600ms 800ms 1000ms 1200ms 1400ms 1600ms
clean 17 2.9 7.6 11.9 15.9 19.8 20.6 22.7 23.8
Teo =200ms | 7.0 3.6 45 6.4 9.8 125 13.7 15.1 16.1
300ms 7.8 39 44 6.4 9.8 12.3 13.9 15.0 15.7
400ms 18.7 9.6 5.2 5.7 8.5 12.2 12.8 14.7 15.3
500ms 20.1 11.2 5.9 5.9 8.7 12.2 12.8 14.7 15.4
600ms 29.7 20.2 11.3 9.2 10.0 12.6 13.7 15.6 16.4
700ms 33.2 24.7 14.9 11.2 11.3 13.6 14.4 16.1 17.1
800ms 41.0 33.7 22.1 17.3 14.0 15.9 16.6 18.2 19.1
1000ms 43.4 35.8 24.0 20.4 16.0 17.0 17.1 18.7 19.7
1200ms 49.3 43.1 32.0 27.9 20.9 20.7 20.4 21.6 22.1
1400ms 51.1 48.5 36.8 33.5 26.0 24.9 23.2 24.5 24.4
1600ms 52.9 50.1 37.3 36.6 28.1 26.7 25.3 25.1 25.1

Table 3: Medianabsolutevalue error (MAVE) [ms] andrela- Table 4: Comparison between performances WER

tive MAVE [%] for blind estimationof Tsy andcorresponding
confusionrate(CR) [%] for modelselection.

TestSet | MAVE [ms] relatve MAVE [%] CR[%]
A 51.4 8.2 24.0
B 80.9 9.7 26.8

As could have beenexpected WER increasegor the matching
acoustiomodelasthereverberatiorbecomestronger

Next, we testedour modelselectionapproachby blind es-
timation of Tso. Testsetsweregeneratedy mixing groupsof
utterancegeverberatecat differentlevels. Eachgroupwasat
least5slong andobtainedby cornvolving cleanutterancesvith
aroomimpulseresponse&orrespondingo a specificTso. Prior
to its recognition every groupwasprocessedthe L., sequence
wascomputedor T, = 30msandF, = 100Hz, Tso wases-
timatedandthe mostcloselymatchingMLP of thelibrary was
activated. Two setsof experimentswere performed: testsets
weregeneratedby convolution with roomimpulseresponsesi-
thercomputedn oneof the previous simulatedrooms(testA),
or measuredn realreverberanenclosuregtestB) usinga cor
relation methodbasedon an optimal time-stretchegulse[9].
Table 3 gives the medianabsolutevalue errors (MAVE) for
Tso estimation. Referencereverberationtimes for computing
MAVE are known by designfor testA while they were esti-
matedby Schroedes methodfrom the measuredmpulsere-
sponsedor test B. Table 3 also reportsconfusionrates, i.e.
wrong acousticmodel selectionrates. Table 4 shaws that the
proposedmodel selectionmethodoutperformssystemsbased
on standardchannel-robst acousticfeatures. Furthermore |t
approachethe performanceof the “Oracle” methodfor which
Teo is assumedo be known in advanceandthe bestmodelis
alwaysselected.

4. Conclusion and Future Work

We have proposedan algorithmfor blind estimationof the re-
verberationtime, and successfullyappliedit to robust speech
recognitionin reverberanternvironmentsby acousticmodel se-
lection. Evenif satishctorily resultswereobtainedin termsof
both estimationerrorandselectionerror, furtherimprovements
can be expectedby relaxing the main hypothesiswhich sup-
poseghatthe reverberatiortime is frequeng independentTo
do so, the methodhasto be extendedto a multibandapproach
for which Tso is assumedtonstantinside frequeng subbands
only.

(SUB/DEL/INS) [%] of two standard normalization tech-
nigues,our modelselectionmethodandthe “Oracle” method.

Method - TestSet 5

35.7(10.2/15.8/9.7) 40.3(12.1/18.7/9.5)
35.2(12.6/13.9/8.7) 38.2(11.5/18.1/8.6)
14.0(4.8/5.4/3.8) 18.1(6.5/8.4/3.2)
13.6(4.7/6.1/2.8) 17.5(6.2/8.4/2.9)

MFCC-CMS
I0gRASTA-PLP

Model Selection

“Oracle”

5. References

[1] J.B. Allen andD. A. Berkley, “Image Method for Effi-
ciently SimulatingSmall-RoomAcoustics”,J. Acoust. Soc.
Am., vol. 65,n0.4, pp. 943-950Apr. 1979.

[2] AURORA database http://www.elda.fr/aurora2.html.

[3] L. Couvreur C. CouvreurandC. Ris, “A Corpus-Based
Approachfor Rohust ASR in ReverberantEnvironments”,
Proc. of ICSLP' 2000, vol. 1, pp. 397-400Beiging, China,
Oct.2000.

[4] S. Furui, “Cepstral Analysis Techniquefor Automatic
Spealer Verification”, |EEE Trans. on Acoustics, Speech
and Sgnal Processing, vol. 29, no. 2, pp. 254-272,
Apr. 1981.

[5] H. Hermansk and N. Morgan, “RASTA Processingof
Speech”, |IEEE Trans. on Speech and Audio Processing,
vol. 2,no.4, pp.578-5890ct. 1994.

[6] P Kenry, M. LennigandP. Mermelstein, “A Linear Pre-
dictive HMM for VectorValuedObsenrationswith Appli-
cationsto SpeectRecognition”,|EEE Trans. on Acoustics,
Speech and Sgnal Processing, vol. 38,n0.2, pp.220-225,
Feh 1990.

[7] H.Kuttruff, Room Acoustics, Elsevier, 3rded.,1991.

[8] A. SankarandC.-H. Lee, “A Maximum-Likelihood Ap-
proachto StochastidMatchingfor RokustSpeechRecogni-
tion”, IEEE Trans. on Speech and Audio Processing, vol. 4,
no.3, pp.190-202May 1996.

[9] Y. Suzuki, F. Asano,H.-Y. Kim and T. Sone, “An Op-
timum ComputerGeneratedulseSignal Suitablefor the
Measurementf Very LongImpulseResponses™). Acoust.
Soc. Am., vol. 97(2),pp.1119-1123Feh 1995.



