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ABSTRACT

In this paper we discussthe use of artificial room reverbera-
tion to increasehe performancenf automaticspeechrecognition
(ASR) systemsdn reverberantenclosuresOur approactconsists
in trainingacoustianodelson artificially reverberatedpeechma-
terial. In orderto obtainthe desiredreverberatedspeechraining
databasewe proposeto usea reverberatingdfilter whoseimpulse
responsés designedo matchtwo high-level acousticproperties
of thetamgetreverberanbperatingervironment,namelytheearly-
to-late enegy ratio and the reverberationtime. Speechrecog-
nition experimentsin simulatedreverberantervironmentsshav
thatrecognizerdrainedon speechreverberatedvith the proposed
methodoutperformsystemsarainedon cleanspeechgven when
channelnormalizationmethodslike CMS and logRASTA-PLP
areused. The extensionof our approachto multi-style training
is alsoconsidered.

1. INTRODUCTION

Recognitionof distant-talkingspeechs a promisingtechnology
for man-machinénteraction.Unfortunatelyin mary applications
the operatingenclosures reverberantand the distancebetween
thespeectsourceandthemicrophonés higherthantheso-called
critical distance6]. Thatis, mostof the acousticenegy reaches
the microphoneafter one or more reflectionsand the recorded
speectsignalis highly reverberatedThespeectsignalis severely
distortedby this room reverberation)eadingto degradedperfor
manceof speectrecognizerg7].

Several methodshave beenproposedto copewith room rever-
berationin speechrecognitionapplications. In somemethods,
speechis enhancedrior to the extraction of the usualacoustic
featureg?9, 7]. In othermethodsrobustacoustideaturesarecom-
puteddirectly from the reverberatedspeechvia channelnormal-
izationtechniquesuchascepstrameansubtractio(CMS)[3] or
RASTA-lik e algorithms[4, 5]. Unfortunately thesemethoddfail
to yield satisfyingresultson highly reverberatedpeech.
Thediscrepang betweerthetrainingconditionganechoispeech)
andthe testingconditions(reverberatedspeechrccountsor the
poor performanceof speechrecognitionin reverberanterviron-
ments. Thus, one can suggesto train the recognizeron rever-
beratedspeechmaterialratherthanon anechoicspeechmaterial.
Ideally, atrainingdatabasshouldbecollectedevery timethesys-
tem hasto be deplo/ed in specificreverberantconditions. This
approachs obviously not practical. An alternatve may be sim-
ulating reverberationin orderto obtain adequatelyreverberated
training materialfrom an existing cleanspeechdatabaseTo do
so,theanechoispeechdatabaseanbeconvolvedwith anacous-
tic impulseresponsaneasuredn the targetreverberanterviron-
ment[7]. However, this approachis problematichecausethe
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acousticimpulseresponses highly dependenbn the geometric
and acousticcharacteristicof the room, on the sourceand mi-
crophoneéocations,on the air temperaturendhumidity, etc[6].
Moreover, reliablemeasurementf anacoustidmpulseresponse
is not straightforvard. Thus,it is difficult to guarantedhatthe
measure@coustidmpulseresponsenatcheperfectlytheacous-
tic impulseresponseof the target reverberantervironment. In
practice this methodgivesdisappointingesults.

In this communicationwe proposeto usea “randomized”rever-
beratingfilter insteadof a measure@coustidmpulseresponseo
obtainthereverberatedpeechrainingdatabaseTheimpulsere-
sponseof this reverberatindilter is designedo matchtwo high-
level, perceptuallymeaningful,acousticpropertiesof the target
reverberanervironment,namelytheearly-to-lateenegy ratioand
thereverberatiortime.

Thepaperis organizedasfollows. In thenext sectionwe describe
the proposedmethodfor artificially reverberatingspeechmate-
rial. Theefficiengy of ourapproachs thenassesselly connected
digit recognitionexperimentsn reverberantconditions. The ex-
perimentalset-upis briefly describedn section3 andresultsare
reportedn sectiond. Conclusionsaredravn in Section5.

2. ARTIFICIAL REVERBERATION

We assumehatthe effect of roomreverberatiorfor a speectrec-
ognizeris bettercharacterizedy high-level acousticproperties
ratherthan by the fine temporaldetails of a completeacoustic
impulseresponseMore specifically we assumehatthe early-to-
late enegy ratio G andthe reverberatiortime Tso aresufficient
to specify room reverberationconditions[6]. The early-to-late
enepy ratio G is definedasthe steady-stateatio betweerthe di-
rectandreverberatecsoundenegiesandis expressedn dB. The
reverberationtime Tgo is definedasthe time interval expressed
in secondsn which the soundenegy in the room reachesone
millionth of its initial value (-60dB) oncea soundsourceis in-
terrupted.We furtherassumehat Ts, is frequeng independent.
Underthe diffuse soundfield assumptiontheseparametersan
becomputeceasilyusingthewell-known equation®f Sabing6].
Giventhe geometricandacousticpropertiesof a reverberantest
enclosureye have
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wherethe parametersS, V, ¢, a, D, andr denotethe wall sur
face theroomvolume,the speedf sound the meanwall absorp-
tion coeficient, the directvity factor andthe source—microphone
distancerespectiely. The meanwall absorptioncoeficient @ is
computedas1/S Zl «;S; with o; and S; standingfor the ab-
sorptioncoeficientandthesurfaceof wall 5. If thesourceandthe
microphoneareomnidirectional the directvity factor D reduces
to 1. NotethatTso andG canbeeasilymeasuredh practice:Tso



canbeobtainedby applyingtheinterruptednoisemethod[12], &
canbederivedfrom V andS via (2), andG canbe estimatedsia
(1) if the source—microphoneistancer is known.
Forourapplicationacleandatabaseasto beartificially reverber
atedby computemeans Artificial reverberatiorcanberendered
by convolving cleanspeechwith a finite-impulse-responsg-IR)
filter. We proposeto designthefilter to matchsomedesiredcoom
reverberatiorconditionsrepresentedly the high-level parameters
G andTg. Thatis, thefilter orderandthetapamplitudesnustbe
choserto matchthe G andTso parametersSuchareverberating
filter canbe obtainedsimply by modulatingthe ervelopeof aran-
dom sequencavith a decreasingxponentialfunction asfollows
[8, 2]:

1. Generatea Gaussiarwhite noiserandomsequencé [n],
0 < n < L, wherethe sequencéength L is setequalto
theintegerpartof Tso x F, with Fs; denotingthesampling
frequeny;

2. Decimatehesequenc&eepingonly thetapswith thehigh-
estamplitudes,

_ hi[n] if hi[n] > A,
haln] = { 0 otherwise ®)
for somethreshold);
3. Modulatethe sequencevith adecayingexponential,
hz[n] = ha[n] x Ve—kn (4)

wherethe dampingconstantt is relatedto the reverbera-
tion time Tso by therelation:k = In 10%/(Teo x Fs);

4. Scalethedirectandearlycomponentapsto matchthede-
sired early-to-lateenepgy ratio G given someseparation
time  betweerearlyandlate acousticenegies,

\/’7 X h3[n]

ifn<r,

hin] = { h3[n] otherwise ®)
with the scalingfactory computedas
y=109"x 3 Bl / Yo m3ml (©)

n>t n<T

In practice theimpulseresponsé|n] is recomputedeveraltimes
duringthereverberatiomprocesf a cleanspeectdatabaseThis
randomizatiorsenesto modelthe effectsof possiblesourceand
microphonemovementstemperatureandhumidity changesetc,
within thetargetreverberanervironment.

3. EXPERIMENT AL SET-UP

To assestheperformancef ourapproachconnectedligit recog-
nition experimentsare performedin simulatedreverberantenvi-

ronments. In this section,we briefly describethe experimental
framework usedto performthesespeechrecognitionexperiments.

3.1. SpeechMaterial and RecognizerDescription

Speechmaterial usedin this work comesfrom the TIDIGITS
databas§l 1] andconsistof 12548sequencesf digits, pronoun-
cedby 164 speakrs (56 men/ 57 women/ 25 boys / 26 girls).
This speechcorpusis divided into a training set (12048 utter
ances)and a testset (500 utterances).Recognitionexperiments
areperformedwith a hybrid systembasedon the hiddenMarkov
model/ multilayer perceptron(HMM/MLP) paradigm. Thatis,
a MLP is usedfor the so-called“acousticmodeling” stage,i.e.

Tablel: Variousreverberantonditions(theTso columngivesthe
correspondingeverberationtimes computedwith Sabines for-
mula(2)).

Reverberation AbsorptionCoeficient  Tgo [S]
Walls  Floor/Ceiling
R1 0.4 0.6 0.443
R2 0.4 0.4 0.542
R3 0.3 0.5 0.557
R4 0.3 0.3 0.722
R5 0.2 0.4 0.751
R6 0.2 0.2 1.084
R7 0.1 0.3 1.147
R8 0.1 0.1 2.167
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Figurel: Word errorrateasa function of wall absorptiorcoefi-
cients(seeTablel1) andsource—microphoneistance.
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Figure 2: (a) Waveform, (b) spectrogramand (c) MFCC's of
clean speechutterance*3201"; (d) waveform, (e) spectrogram
and(f) MFCC's of the correspondingeverberatedspeechutter

ance.



Table2: Performancéor anechoicspeectof baselingecognizers
with variousfront-ends.

Front-end WER[%] SUB/DEL/INS[%]
MFCC 4.7 0.7/1.8/2.2
MFCC-CMS 4.9 0.9/1.8/2.2
logRASTA-PLP 5.2 1.3/1.7/2.2

phoneprobabilitiesare estimatediy the MLP. The recognizetis

fed by a front-endproducing12 acousticcoeficients computed
over a 25msanalysiswindow every 12.5ms. Variousfront-ends
areusedin thiswork: Mel-warpedfrequeng cepstrakoeficients
(MFCC) without cepstralmeansubtraction(CMS), MFCC with

CMS, andlogRASTA-PLP coeficients. Speectdecodings done
by Viterbi search restrictedby a wordpairgrammar The com-
pletesystemis developedwith the STRUT toolkit [10].

3.2. Room Acoustic Simulation

For simplicity, our approachs testedin a simulatedreverberant
ervironment.An acoustidmpulserespons&anbe preciselyand

efficiently computedby the ImageMethod[1] for every source—
microphonelocation within a rectangularoom whosewall ab-

sorptioncoeficientsareknown andassumedo be frequeny in-

dependenand constantover eachwall surface. The impulsere-

sponsecanthenbe cornvolved with the speechutterance®f the

testsetto provide the reverberatedspeechmaterialusedfor the

recognitionexperiments Severalimpulseresponseareuseddur

ing theroomsimulationprocessoasto takeinto accounpossible
movementsof the speectsource(the spealer's mouth)arounda

referenceposition.

We want to stressthat this room acousticsimulationmethodis

basedn alow-level physical modelof reverberatiorthatrequires
completeknowledge of the room geometryand of its acoustic
characteristicswhereasthe artificial reverberationmethodpro-

posedin Section2 is basedon a high-level perceptual model of

thereverberatiorthatrequiresonly thetwo generaparametergs

andTeo.

4. EXPERIMENT AL RESULTS

4.1. BaselineSystem

First, we trainedacoustiomodelson the cleantraining setfor the
three front-endsMFCC, MFCC-CMS and logRASTA-PLP. We
thenusedthe resultingMLP’s to recognizethe cleantestset. Ta-
ble 2 givesthe resultsof thesebaselinesystemsn termsof the
word errorrate (WER) [%], i.e. the sumof the substitutionerror
rate (SUB) [%)], the deletionerror rate (DEL) [%] andthe inser
tion errorrate (INS) [%]. As expected,all thesebaselinerecog-
nizersachieve satisfyingresultson recognizinganechoicspeech.
Figurel shawvs the WER'’s of the MFCC baselinerecognizeras
a function of the source—microphondistancewithin a 12mlong
x 8m wide x 6m high testroom and for variousrealistic wall
absorptioncoeficients(seeTable1). Theimpactof roomrever
berationon speectrecognitioncanbe clearly obsered whenthe
test environment (simulatedby the methodof Section3.2) be-
comesmore and more reverberant. Figure 2 gives an example
of a cleanspeechutteranceand its reverberatedversionfor re-
verberantconditions R (seeTable 1), and the sourceand the
microphonelocatedrespectrely at point (3m, 4m, 2m) and at
point (9m, 4m, 2m), given an origin at onelower cornerof the
room. This figure alsoshavs the smearingeffect of roomrever-
berationon the speechspectrogramandthe severe distortion of
the correspondinglFCC'’s. Similar plots canbe obtainedfor the
two otherfront-ends.This explainswhy the performancesf the

baselinerecognizerslegradeseverely whenthe testsetbecomes
reverberant.

4.2. Artificially Reverberated System

Next, wetrainedacoustianodelsonartificially reverberategpeech
material. The reverberatedraining setwas obtainedby apply-
ing the methoddescribedin Section2. The reverberatingfil-
ter parametersvere computedaccordingto (1)—(2) to matchthe
samesimulatedreverberantestervironmentasthat of Figure 2:
G = —12.22dB andTso = 1.14s. Table3 compareshe perfor
manceof recognizergrainedeitherwith the cleantraining setor
with theartificially reverberatedrainingset,andtestedon speech
reverberatedising the room simulationof Section3.2. We ob-
sene that usualchannelnormalizationtechniquedike CMS or
RASTA areinefficient for highly reverberatedspeech.The rea-
sonwhy theserame-baseéront-endsdonot performwell in han-
dling severereverberationjs thatthe durationof theacoustiam-
pulseresponsés higherthanthe analysisvindow length(25ms).
Therefore,the reverberationeffect can not be approximatedoy
multiplicative noisein thefrequeng domainwithin eachanalysis
window. Table 3 also shavs that recognizerdrainedon rever-
beratedspeectoutperformthe othersystems.The MFCC recog-
nizertrainedwith speectreverberatedy the proposedrandom
reverberatorfilter canevendo betterthanthe MFCC recognizer
trainedwith speechreverberatecby the “true” acousticimpulse
responseorrespondindo thereverberantestervironment. This
can be explained by recalling that several acousticimpulse re-
sponsesare usedto simulatethe reverberanttestsetin orderto
model small movementsof the spealer's headwhereasa fixed
impulseresponsés usedfor the “true impulseresponsetraining
set. It leadsto over-specificadaptatiorof the recognizerto the
“true” impulseresponsén thelattercase.

ThenumeroudNS errorscanbe reducedy introducinga word-
entrance-penalty (WEP) in the Viterbi decodingalgorithm[10].
This parameteis tunedto balanceDEL andINS errors. Tuning
the WEPbringssomeimprovementbut the systemdrainedonre-
verberatedspeectstill yield the bestresults(seeTable 3). Note
thattuning of the WEP is performedon the testset, which pro-
videsalower boundon achiezableperformance.

In realsituation theroomdescriptiorwill usuallynotbeavailable
andthe parameter€s andTso will have to be measuredxperi-
mentally Using the interruptednoise method[12] and (1)—(2)
with our simulatedreverberantestroom,we found 7o = 1.09s
andG = —11.98dB, which shaws that G andTso canbe reli-
ably estimated AG = 2.0% andATgo = —4.4%) if they can
not be computedfrom a descriptionof the room. Besides pre-
vious experimentshave shawvn that reasonableleviations of the
parametersvith respecto theidealonescanbetolerated?].

4.3. Multi-Style Training System

Different approachesnay be consideredo extend our method
to practical applications. Thoughtraining a recognizerfor ev-
eryreverberanenvironments concevable thisapproachiemains
time-consuming. The last remark of the previous sectionsug-
gestsratherto build alibrary of recognizergor variousreverber
ant conditions. The recognizer‘closest” to the operatingrever
berantconditionsis thenpicked out of thelibrary. Alternatively,
onecanproposeamulti-style trainingapproachopnerecognizeis
trainedon a databaseéncluding differentlevels of reverberation,
andis usedasa universalrecognizerfor every reverberantervi-
ronment. Table4 reportscross-performancef MFCC recogniz-
erstrainedon differentreverberantervironments. Four erviron-
mentswereconsideredcLEAN (noreverb),Low (G = —7.89dB
andTso = 0.25s), MEDIUM (G = —10.08dB andTso = 0.68s)
andHIGH (G = —12.22dB andTs9 = 1.14s). They senedto



Table3: Performancdor reverberanispeectof recognizerdrainedeitheron cleanspeector on reverberatedspeechwith or without

optimalword-entrance-penalty in thedecodingprocess.

Front-end Trainingset ~WER(SUB/DEL/INS)[%] WER (SUB/DEL/INS)[%] OptimalWEP
MFCC clean 45.2(17.712.9124.6) 33.5(16.3/8.5/8.7) WEP=85

MFCC-CMS clean 44.7(14.9/2.6/27.2) 28.9(13.0/7.9/8.0) WEP=13.0
IogRASTA-PLP clean 32.9(13.5/8.1/11.3) 30.4(12.8/9.1/8.5) WEP=0.5

MFCC randomreverb 13.0(2.2/0.7/10.1) 6.9(2.9/2.0/2.0) WEP=17.5
MFCC-CMS randomreverb 16.3(3.4/0.6/12.3) 7.9(3.6/2.1/2.2) WEP=18.0
logRASTA-PLP  randomreverb 20.9(4.8/0.6/15.5) 10.0(5.0/2.5/2.5) WEP=18.5
MFCC truereverb 13.9(2.3/0.8/10.8) 7.3(2.3/2.512.5) WEP=16.5

Table4: Performanc@VER(SUB/DEL/INS)[%] of variousacousticmodelsfor several reverberanternvironments.Acousticfeatures
areMFCC. Speectdecodings performedwith word-entrance-penalty.

Trainingset
Testset CLEAN Low MEDIUM HIGH ALL
CLEAN Z7(0.771.8/22) 5.8(2.0/L9/19) B85(@.12.2/2.2) 1L.7(6.22.812.7) 4.9(0.8/2.012.0)
WEP=30.0 WEP=24.0 WEP=6.0 WEP=4.0 WEP=31.5
Low 6.9(2.8/2.0/2.1) 5.5(1.6/1.9/2.0) 9.6(5.6/2.0/2.0) 10.5(6.0/2.3/2.2) 5.7(1.3/2.2/2.2)
WEP=22.5 WEP=26.0 WEP=17.0 WEP=13.5 WEP=29.0
MEDIUM 11.2(3.7/3.7/3.8) 7.0(1.9/2.5/2.6) 6.0(2.4/1.8/1.8) 7.0(3.6/L.7/1.7) 6.4(2.3/2.0/2.1)
WEP=17.0 WEP=24.0 WEP=20.5 WEP=16.5 WEP=23.0
HIGH 28.1(9.9/9.1/9.1) 22.1(5.9/8.1/8.1) 15.7(3.4/6.1/6.2) 6.9(2.9/2.0/2.0) 9.4(3.6/2.9/2.9)
WEP=10.5 WEP=19.0 WEP=34.0 WEP=17.5 WEP=20.0

generatdothatrainingsetandatestset,theformerby “random”
reverberationand the latter by room simulation. The HIGH re-
verberanervironmentcorrespondso theenvironmentwhich has
beenusedsofar. Clearly, highestscoresarereachedvhentraining
andtestingsetsmatch. The last columnshaws the performance
of the ALL recognizemwhich is obtainedby multi-style training
on the CLEAN, LOW, MEDIUM andHIGH training sets. Though
theALL recognizemgetsslightly worsescoreghantherecognizer
matchingthetestset,it performssatisactorily on every testsets.

5. SUMMARY AND CONCLUDING REMARKS

In this paper we discussedhe use of artificial room reverber
ation to improve speechrecognitionin reverberantenclosures.
Our approachconsistsin training acousticmodelson reverber
ated speechmaterial. In orderto avoid having to collect a re-
verberateddatabaseor to measureacousticimpulse responses,
we proposedto obtain the reverberateddatabaseby processing
acleanspeecltorpuswith a“random” reverberatindilter whose
impulseresponsés obtainedby shapingthe ervelopeof a Gaus-
sianwhite noiserandomsequenceThis reverberatindilter is de-
signedto matchtwo high-level, perceptuallymeaningful acoustic
propertiesof the desiredreverberantoperatingenvironment, i.e.
theearly-to-lateenepgy ratio andthereverberatiortime.

Connectedligit recognitionexperimentavereperformedn simu-

latedreverberanervironments Experimentatesultsshavedthat

recognizerdrained on reverberatedspeechoutperformsystems
trainedon cleanspeechevenwhencorventionalchannehormal-

izationmethoddike CMS andRASTA areused.We alsodemon-
stratedthe usefulnes®f a multi-styletrainingapproach.

Similar resultswereobsenredfor realreverberatedspeectwhere
the methodhasbeenfound to improve the performancesignifi-
cantly, providedthatthe parametersf thereverberatindilter are
closeto thetrueones.
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