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ABSTRACT

In this paper, we discussthe use of artificial room reverbera-
tion to increasetheperformanceof automaticspeechrecognition
(ASR) systemsin reverberantenclosures.Our approachconsists
in trainingacousticmodelsonartificially reverberatedspeechma-
terial. In orderto obtainthedesiredreverberatedspeechtraining
database,we proposeto usea reverberatingfilter whoseimpulse
responseis designedto matchtwo high-level acousticproperties
of thetargetreverberantoperatingenvironment,namelytheearly-
to-late energy ratio and the reverberationtime. Speechrecog-
nition experimentsin simulatedreverberantenvironmentsshow
thatrecognizerstrainedonspeechreverberatedwith theproposed
methodoutperformsystemstrainedon cleanspeech,even when
channelnormalizationmethodslike CMS and logRASTA-PLP
areused. The extensionof our approachto multi-style training
is alsoconsidered.

1. INTR ODUCTION

Recognitionof distant-talkingspeechis a promisingtechnology
for man-machineinteraction.Unfortunately, in many applications
the operatingenclosureis reverberantand the distancebetween
thespeechsourceandthemicrophoneis higherthantheso-called
critical distance[6]. That is, mostof theacousticenergy reaches
the microphoneafter one or more reflectionsand the recorded
speechsignalis highly reverberated.Thespeechsignalis severely
distortedby this roomreverberation,leadingto degradedperfor-
manceof speechrecognizers[7].
Several methodshave beenproposedto copewith room rever-
berationin speechrecognitionapplications. In somemethods,
speechis enhancedprior to the extractionof the usualacoustic
features[9, 7]. In othermethods,robustacousticfeaturesarecom-
puteddirectly from the reverberatedspeechvia channelnormal-
izationtechniquessuchascepstralmeansubtraction(CMS)[3] or
RASTA-lik e algorithms[4, 5]. Unfortunately, thesemethodsfail
to yield satisfyingresultsonhighly reverberatedspeech.
Thediscrepancy betweenthetrainingconditions(anechoicspeech)
andthe testingconditions(reverberatedspeech)accountsfor the
poor performanceof speechrecognitionin reverberantenviron-
ments. Thus, onecan suggestto train the recognizeron rever-
beratedspeechmaterialratherthanon anechoicspeechmaterial.
Ideally, atrainingdatabaseshouldbecollectedeverytimethesys-
tem hasto be deployed in specificreverberantconditions. This
approachis obviously not practical. An alternative may be sim-
ulating reverberationin order to obtain adequatelyreverberated
training materialfrom an existing cleanspeechdatabase.To do
so,theanechoicspeechdatabasecanbeconvolvedwith anacous-
tic impulseresponsemeasuredin the target reverberantenviron-
ment [7]. However, this approachis problematicbecausethe
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acousticimpulseresponseis highly dependenton the geometric
andacousticcharacteristicsof the room, on the sourceandmi-
crophonelocations,on theair temperatureandhumidity, etc [6].
Moreover, reliablemeasurementof anacousticimpulseresponse
is not straightforward. Thus, it is difficult to guaranteethat the
measuredacousticimpulseresponsematchesperfectlytheacous-
tic impulseresponseof the target reverberantenvironment. In
practice,thismethodgivesdisappointingresults.
In this communication,we proposeto usea “randomized”rever-
beratingfilter insteadof a measuredacousticimpulseresponseto
obtainthereverberatedspeechtrainingdatabase.Theimpulsere-
sponseof this reverberatingfilter is designedto matchtwo high-
level, perceptuallymeaningful,acousticpropertiesof the target
reverberantenvironment,namelytheearly-to-lateenergy ratioand
thereverberationtime.
Thepaperis organizedasfollows. In thenext section,wedescribe
the proposedmethodfor artificially reverberatingspeechmate-
rial. Theefficiency of ourapproachis thenassessedby connected
digit recognitionexperimentsin reverberantconditions.Theex-
perimentalset-upis briefly describedin section3 andresultsare
reportedin section4. Conclusionsaredrawn in Section5.

2. ARTIFICIAL REVERBERATION

Weassumethattheeffect of roomreverberationfor a speechrec-
ognizeris bettercharacterizedby high-level acousticproperties
ratherthan by the fine temporaldetailsof a completeacoustic
impulseresponse.Morespecifically, weassumethattheearly-to-
late energy ratio � andthe reverberationtime ���
	 aresufficient
to specify room reverberationconditions[6]. The early-to-late
energy ratio � is definedasthesteady-stateratio betweenthedi-
rectandreverberatedsoundenergiesandis expressedin dB. The
reverberationtime ���
	 is definedas the time interval expressed
in secondsin which the soundenergy in the room reachesone
millionth of its initial value (-60dB) oncea soundsourceis in-
terrupted.We furtherassumethat ���
	 is frequency independent.
Under the diffusesoundfield assumption,theseparameterscan
becomputedeasilyusingthewell-known equationsof Sabine[6].
Giventhegeometricandacousticpropertiesof a reverberanttest
enclosure,wehave
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wherethe parameters� , 3 , 5 , $& , � , and / denotethe wall sur-
face,theroomvolume,thespeedof sound,themeanwall absorp-
tion coefficient, thedirectivity factor, andthesource–microphone
distance,respectively. Themeanwall absorptioncoefficient $& is
computedas �76 �98;: & : � : with & : and � : standingfor the ab-
sorptioncoefficientandthesurfaceof wall < . If thesourceandthe
microphoneareomnidirectional,thedirectivity factor � reduces
to 1. Notethat � �
	 and � canbeeasilymeasuredin practice:� �
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canbeobtainedby applyingtheinterruptednoisemethod[12], $&
canbederivedfrom 3 and � via (2), and � canbeestimatedvia
(1) if thesource–microphonedistance/ is known.
Forourapplication,acleandatabasehastobeartificially reverber-
atedby computermeans.Artificial reverberationcanberendered
by convolving cleanspeechwith a finite-impulse-response(FIR)
filter. Weproposeto designthefilter to matchsomedesiredroom
reverberationconditionsrepresentedby thehigh-level parameters� and ���
	 . Thatis, thefilter orderandthetapamplitudesmustbe
chosento matchthe � and � �
	 parameters.Sucha reverberating
filter canbeobtainedsimplyby modulatingtheenvelopeof aran-
domsequencewith a decreasingexponentialfunctionasfollows
[8, 2]:

1. Generatea Gaussianwhite noiserandomsequence= �7> ?�@ ,
,A ?CBED , wherethesequencelength D is setequalto
theintegerpartof ���
	F�HGFI , with GFI denotingthesampling
frequency;

2. Decimatethesequencekeepingonly thetapswith thehigh-
estamplitudes,

= 0 > ?J@ �;K = �7> ?�@ if = �7> ?�@FLNM�O
 otherwise (3)

for somethresholdM ;

3. Modulatethesequencewith a decayingexponential,

=QP > ?�@ �C= 0 > ?�@ �SR TVUJWYX (4)

wherethe dampingconstantZ is relatedto the reverbera-
tion time ���
	 by therelation: Z9�[�\ 1�*
 � 6]!^���
	_��GFI ' ;

4. Scalethedirectandearlycomponenttapsto matchthede-
sired early-to-lateenergy ratio � given someseparation
time ` betweenearlyandlateacousticenergies,

= > ?�@ �;K R a �4=bP > ?�@ if ? Ac` O= P > ?�@ otherwise (5)

with thescalingfactor a computedas

a �d��
�egf � 	 �ihX]jQk =
0P > ?�@^l hXnm�k =

0P > ?J@ (6)

In practice,theimpulseresponse= > ?�@ is recomputedseveraltimes
duringthereverberationprocessof a cleanspeechdatabase.This
randomizationservesto modeltheeffectsof possiblesourceand
microphonemovements,temperatureandhumidity changes,etc,
within thetargetreverberantenvironment.

3. EXPERIMENT AL SET-UP

To assesstheperformanceof ourapproach,connecteddigit recog-
nition experimentsareperformedin simulatedreverberantenvi-
ronments. In this section,we briefly describethe experimental
framework usedto performthesespeechrecognitionexperiments.

3.1. SpeechMaterial and RecognizerDescription

Speechmaterial usedin this work comesfrom the TIDIGITS
database[11] andconsistsof 12548sequencesof digits,pronoun-
cedby 164 speakers (56 men/ 57 women/ 25 boys / 26 girls).
This speechcorpusis divided into a training set (12048utter-
ances)anda testset (500 utterances).Recognitionexperiments
areperformedwith a hybrid systembasedon thehiddenMarkov
model / multilayer perceptron(HMM/MLP) paradigm. That is,
a MLP is usedfor the so-called“acousticmodeling” stage,i.e.

Table1: Variousreverberantconditions(the � �
	 columngivesthe
correspondingreverberationtimes computedwith Sabine’s for-
mula(2)).

Reverberation AbsorptionCoefficient ���
	 [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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Figure1: Word errorrateasa functionof wall absorptioncoeffi-
cients(seeTable1) andsource–microphonedistance.
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Figure 2: (a) Waveform, (b) spectrogramand (c) MFCC’s of
cleanspeechutterance“3201”; (d) waveform, (e) spectrogram
and(f) MFCC’s of the correspondingreverberatedspeechutter-
ance.



Table2: Performancefor anechoicspeechof baselinerecognizers
with variousfront-ends.

Front-end WER > op@ SUB/DEL/INS > op@
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

phoneprobabilitiesareestimatedby theMLP. The recognizeris
fed by a front-endproducing12 acousticcoefficientscomputed
over a 25msanalysiswindow every 12.5ms.Variousfront-ends
areusedin thiswork: Mel-warpedfrequency cepstralcoefficients
(MFCC) without cepstralmeansubtraction(CMS), MFCC with
CMS,andlogRASTA-PLPcoefficients.Speechdecodingis done
by Viterbi search,restrictedby a wordpairgrammar. The com-
pletesystemis developedwith theSTRUT toolkit [10].

3.2. Room AcousticSimulation

For simplicity, our approachis testedin a simulatedreverberant
environment.An acousticimpulseresponsecanbepreciselyand
efficiently computedby the ImageMethod[1] for every source–
microphonelocation within a rectangularroom whosewall ab-
sorptioncoefficientsareknown andassumedto befrequency in-
dependentandconstantover eachwall surface. The impulsere-
sponsecanthenbe convolved with the speechutterancesof the
testset to provide the reverberatedspeechmaterialusedfor the
recognitionexperiments.Severalimpulseresponsesareuseddur-
ing theroomsimulationprocesssoasto takeinto accountpossible
movementsof thespeechsource(thespeaker’s mouth)arounda
referenceposition.
We want to stressthat this room acousticsimulationmethodis
basedonalow-level physical modelof reverberationthatrequires
completeknowledgeof the room geometryand of its acoustic
characteristics,whereasthe artificial reverberationmethodpro-
posedin Section2 is basedon a high-level perceptual modelof
thereverberationthatrequiresonly thetwo generalparameters�
and ���
	 .

4. EXPERIMENT AL RESULTS

4.1. BaselineSystem

First,we trainedacousticmodelson thecleantrainingsetfor the
threefront-endsMFCC, MFCC-CMS and logRASTA-PLP. We
thenusedtheresultingMLP’s to recognizethecleantestset.Ta-
ble 2 gives the resultsof thesebaselinesystemsin termsof the
word error rate(WER) > op@ , i.e. thesumof thesubstitutionerror
rate(SUB) > op@ , thedeletionerror rate(DEL) > op@ andthe inser-
tion error rate(INS) > op@ . As expected,all thesebaselinerecog-
nizersachieve satisfyingresultson recognizinganechoicspeech.
Figure1 shows the WER’s of the MFCC baselinerecognizeras
a functionof thesource–microphonedistancewithin a 12mlong� 8m wide � 6m high test room and for variousrealisticwall
absorptioncoefficients(seeTable1). The impactof roomrever-
berationon speechrecognitioncanbeclearlyobservedwhenthe
test environment (simulatedby the methodof Section3.2) be-
comesmore and more reverberant. Figure 2 gives an example
of a cleanspeechutteranceand its reverberatedversionfor re-
verberantconditions q1r (seeTable 1), and the sourceand the
microphonelocatedrespectively at point (3m, 4m, 2m) and at
point (9m, 4m, 2m), given an origin at onelower cornerof the
room. This figurealsoshows thesmearingeffect of roomrever-
berationon the speechspectrogramandthe severedistortionof
thecorrespondingMFCC’s. Similar plotscanbeobtainedfor the
two otherfront-ends.This explainswhy theperformancesof the

baselinerecognizersdegradeseverelywhenthe testsetbecomes
reverberant.

4.2. Artificially Reverberated System

Next, wetrainedacousticmodelsonartificially reverberatedspeech
material. The reverberatedtraining set was obtainedby apply-
ing the methoddescribedin Section2. The reverberatingfil-
ter parameterswerecomputedaccordingto (1)–(2) to matchthe
samesimulatedreverberanttestenvironmentasthatof Figure2:�E� � ��snt s�s dB and � �
	 �u��t��*2 s. Table3 comparestheperfor-
manceof recognizerstrainedeitherwith thecleantrainingsetor
with theartificially reverberatedtrainingset,andtestedonspeech
reverberatedusing the room simulationof Section3.2. We ob-
serve that usualchannelnormalizationtechniqueslike CMS or
RASTA areinefficient for highly reverberatedspeech.The rea-
sonwhy theseframe-basedfront-endsdonotperformwell in han-
dling severereverberation,is thatthedurationof theacousticim-
pulseresponseis higherthantheanalysiswindow length(25ms).
Therefore,the reverberationeffect can not be approximatedby
multiplicativenoisein thefrequency domainwithin eachanalysis
window. Table 3 also shows that recognizerstrainedon rever-
beratedspeechoutperformtheothersystems.TheMFCC recog-
nizer trainedwith speechreverberatedby theproposed“random
reverberator”filter canevendo betterthantheMFCC recognizer
trainedwith speechreverberatedby the “true” acousticimpulse
responsecorrespondingto thereverberanttestenvironment.This
can be explainedby recalling that several acousticimpulsere-
sponsesareusedto simulatethe reverberanttestset in order to
model small movementsof the speaker’s headwhereasa fixed
impulseresponseis usedfor the“true impulseresponse”training
set. It leadsto over-specificadaptationof the recognizerto the
“true” impulseresponsein thelattercase.
ThenumerousINS errorscanbereducedby introducinga word-
entrance-penalty (WEP) in the Viterbi decodingalgorithm[10].
This parameteris tunedto balanceDEL andINS errors. Tuning
theWEPbringssomeimprovementbut thesystemstrainedonre-
verberatedspeechstill yield the bestresults(seeTable3). Note
that tuning of the WEP is performedon the testset,which pro-
videsa lower boundonachievableperformance.
In realsituation,theroomdescriptionwill usuallynotbeavailable
andthe parameters� and ���
	 will have to be measuredexperi-
mentally. Using the interruptednoisemethod[12] and (1)–(2)
with our simulatedreverberanttestroom,we found ���
	_�;�vt 
vw s
and �x� � �v��t w�y dB, which shows that � and ���
	 canbe reli-
ably estimated( z����{snt 
 o and zp���
	|� � 2]t 2 o ) if they can
not be computedfrom a descriptionof the room. Besides,pre-
vious experimentshave shown that reasonabledeviationsof the
parameterswith respectto theidealonescanbetolerated[2].

4.3. Multi-Style Training System

Different approachesmay be consideredto extend our method
to practicalapplications. Thoughtraining a recognizerfor ev-
eryreverberantenvironmentis conceivable,thisapproachremains
time-consuming. The last remarkof the previous sectionsug-
gestsratherto build a library of recognizersfor variousreverber-
ant conditions. The recognizer“closest” to the operatingrever-
berantconditionsis thenpickedout of the library. Alternatively,
onecanproposeamulti-style trainingapproach:onerecognizeris
trainedon a databaseincluding different levels of reverberation,
andis usedasa universalrecognizerfor every reverberantenvi-
ronment.Table4 reportscross-performanceof MFCC recogniz-
erstrainedon differentreverberantenvironments.Four environ-
mentswereconsidered:CLEAN (noreverb),LOW ( �}� �H~ t y�w dB
and ���
	���
]t sv� s), MEDIUM ( �;� � �*
]t 
�y dB and ���
	���
nt )vy s)
andHIGH ( ��� � �7snt svs dB and � �
	 ����t��*2 s). They served to



Table3: Performancefor reverberantspeechof recognizerstrainedeitheron cleanspeechor on reverberatedspeech,with or without
optimalword-entrance-penalty in thedecodingprocess.

Front-end Trainingset WER(SUB/DEL/INS) > op@ WER (SUB/DEL/INS) > op@ OptimalWEP
MFCC clean 45.2(17.7/2.9/24.6) 33.5(16.3/8.5/8.7) WEP= 8.5
MFCC-CMS clean 44.7(14.9/2.6/27.2) 28.9(13.0/7.9/8.0) WEP= 13.0
logRASTA-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(2.3/2.5/2.5) WEP= 16.5

Table4: PerformanceWER(SUB/DEL/INS)[%] of variousacousticmodelsfor several reverberantenvironments.Acousticfeatures
areMFCC.Speechdecodingis performedwith word-entrance-penalty.

Testset
Trainingset

CLEAN LOW MEDIUM HIGH ALL

CLEAN 4.7(0.7/1.8/2.2) 5.8(2.0/1.9/1.9) 8.5(4.1/2.2/2.2) 11.7(6.2/2.8/2.7) 4.9(0.8/2.0/2.1)
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(3.6/1.7/1.7) 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

generatebothatrainingsetandatestset,theformerby “random”
reverberationand the latter by room simulation. The HIGH re-
verberantenvironmentcorrespondsto theenvironmentwhichhas
beenusedsofar. Clearly, highestscoresarereachedwhentraining
andtestingsetsmatch. The last columnshows the performance
of the ALL recognizerwhich is obtainedby multi-style training
on the CLEAN, LOW, MEDIUM and HIGH training sets. Though
theALL recognizergetsslightly worsescoresthantherecognizer
matchingthetestset,it performssatisfactorilyon every testsets.

5. SUMMAR Y AND CONCLUDING REMARKS

In this paper, we discussedthe useof artificial room reverber-
ation to improve speechrecognitionin reverberantenclosures.
Our approachconsistsin training acousticmodelson reverber-
atedspeechmaterial. In order to avoid having to collect a re-
verberateddatabaseor to measureacousticimpulse responses,
we proposedto obtain the reverberateddatabaseby processing
a cleanspeechcorpuswith a “random” reverberatingfilter whose
impulseresponseis obtainedby shapingtheenvelopeof a Gaus-
sianwhitenoiserandomsequence.This reverberatingfilter is de-
signedto matchtwo high-level, perceptuallymeaningful,acoustic
propertiesof the desiredreverberantoperatingenvironment,i.e.
theearly-to-lateenergy ratio andthereverberationtime.

Connecteddigit recognitionexperimentswereperformedin simu-
latedreverberantenvironments.Experimentalresultsshowedthat
recognizerstrainedon reverberatedspeechoutperformsystems
trainedoncleanspeech,evenwhenconventionalchannelnormal-
izationmethodslike CMSandRASTA areused.Wealsodemon-
stratedtheusefulnessof a multi-styletrainingapproach.

Similar resultswereobservedfor realreverberatedspeechwhere
the methodhasbeenfound to improve the performancesignifi-
cantly, providedthattheparametersof thereverberatingfilter are
closeto thetrueones.
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