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Abstract

This paperpresentsa methodfor blind estimationof reverbera-
tion timesin reverberantenclosures.Theproposedalgorithmis
basedonastatisticalmodelof short-termlog-energy sequences
for echo-freespeech. Given a speechutterancerecordedin
a reverberantroom, it computesa Maximum Likelihoodesti-
mateof theroomfull-bandreverberationtime. Theestimation
methodis shown to requirelittle dataandto performsatisfacto-
rily. Themethodhasbeensuccessfullyappliedto robustauto-
maticspeechrecognitionin reverberantenvironmentsby model
selection. For this application,the reverberationtime is first
estimatedfrom the reverberatedspeechutteranceto be recog-
nized. The estimationis thenusedto selectthe bestacoustic
modelout of a library of modelstrainedin variousartificial re-
verberantconditions.Speechrecognitionexperimentsin simu-
latedandreal reverberantenvironmentsshow theefficiency of
our approachwhich outperformsstandardchannelnormaliza-
tion techniques.

1. Introduction
For thepastdecades,thenumberof applicationswhich involve
transmittingspeechin reverberantroomshascontinuouslyin-
creased.Let’s mentionhands-freetelephony, video-conference
or hands-freeautomaticspeechrecognition(ASR) amongoth-
ers. Roomreverberationis often consideredasan undesirable
effect which corruptsany speechsignal propagatingfrom a
speaker to a microphonein a reverberantroom. Thereverbera-
tion time ���	� [7] hasbeenacentralparameterfor characterizing
room reverberation.Hence,measurementof the reverberation
time is a valuabletool for designingroomacousticsanddevel-
opingaudiosignalprocessingapplicationsin orderto reducethe
impactof roomreverberation.Thereverberationtime is classi-
cally measured[7] eitherfrom anenergy decaycurve,or from a
roomimpulseresponseusingSchroeder’s method.Theformer
directly measuresthe time interval in which the soundenergy
in a roomreachesonemillionth of its initial value(-60dB)after
interruptinga soundsource. The latter derives the reverbera-
tion time after reverse-timeintegrationof an acousticimpulse
responsemeasuredbetweena sourceanda microphonein the
reverberantroom.

In this paper, we proposean algorithm for blindly esti-
mating the reverberationtime of a room from speechsignal
recordedin thatroom.Wefirst modeltheimpactof roomrever-
berationonecho-freeshort-termlog-energy 
���
 sequencesby a
parametricdistortionmodelwhosecoefficientsarerelatedto the
reverberationtime. Then,given a reverberated
���
 sequence,
Maximum Likelihood(ML) estimatesof the distortionmodel
parametersareobtainedusinga statisticalmodelfor echo-free
���
 sequences.Thelastmodelis trainedbeforehandonaclean
speechdatabase.Finally, theestimateof thereverberationtime
isderivedfrom theestimatesof thedistortionmodelparameters.
Thealgorithmrequireslittle data,e.g.a few secondsof speech

signal,andis usefulfor on-lineestimationof thereverberation
time.

Wealsopresentin thispapera techniquefor robustASR in
reverberantenvironments.Themethodis basedonselectingthe
bestacousticmodeloutof alibrary of modelstrainedseparately
in differentreverberantconditions.Thebestmodelis themodel
trainedin thereverberantconditionsmostcloselymatchingthe
reverberationtimeof theoperatingenvironment.Hence,these-
lection is directedby prior estimationof thereverberationtime
from thereverberatedspeechutteranceto berecognizedvia our
newly proposedmethod.

Thepaperis organizedasfollows. In thenext section,we
describethealgorithmfor theblind estimationof thereverbera-
tion time. Resultsfor recognitionof connecteddigit sequences
in reverberantenvironmentsby modelselectionarereportedin
section3. Concludingremarksaregivenin section4.

2. Estimation Algorithm
2.1. Room Reverberation Model

Themostdetailedmodelof roomreverberationis theroomim-
pulseresponsebetweenthe speaker andthe microphone.One
canproposeto identify blindly theroomimpulseresponsefrom
recordedreverberatedspeech,andthencomputethe reverber-
ation time from the estimatedimpulse response,e.g. using
Schroeder’smethod[7]. Sincetheblind identificationof aroom
impulseresponseis a badly conditionedtask,we proposein-
steadto usea simpler model of room reverberationin order
to simplify the � �	� estimationproblem. We decideto model
the impactof room reverberationon theshort-termlog-energy
( 
���
 ) sequence��� insteadof on thecleanspeechsignal ��� ,

� ����������! #"%$ � & �')( �+*�,.-/*�0�1 $2�43��5* , �76�98 (1)

with
')( �� � (;:=<?> and

')@ �� <?>BA#<?@ , where C , D , � ( ,
<E>

and
< @

denotethesampleindex, the frameindex, theanalysis
frame length [s], the samplingfrequency [Hz] and the frame
rate [Hz], respectively. Figure1 givesan exampleof a clean
speechutterance�%� and its reverberatedversion FG� obtained
by convolving ��� with a typical room impulseresponseH%� .
Thefigurealsoshows thedistortionon the corresponding
���

sequences� � and I � computedafterpropernormalizationof
the speechsignals. Underthe assumptionthat the soundfield
is diffuseandthat thereverberationtime is frequency indepen-
dent, the decaysof I7� from peakto valley shouldbe exactly
linear, andthusexponentialin the linearenergy domain. That
is, the impactof room reverberationcanbe modeledby a first
orderauto-regressive (AR) filter,J � �;K �ML �ON K $ L �P1 $ (2)
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Figure1: Waveformsfor (a)acleanspeechutterance� � and(b)
its reverberantversionFG� , andthecorresponding
���
 sequences
(c) �Q� and(d) I7� for � ( =30msand

< @
=100Hz.
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Figure2: Roomreverberationprocess(upperpart) for tempo-
ral signalandequivalentdiffusemodel(lower part) for 
���
 se-
quence.

where
J � ����.�SR�TVU $ � and L � ������4WMTXU $ � denotetheshort-term

linear energy sequencesof the cleanand reverberatedspeech
signals,respectively. Theassumedreverberationmodelis sum-
marizedin figure2. In thesequel,wedescribeamethodfor ML
estimationof the AR coefficients Y K �SZ K $\[ from the observed
 ��
 sequenceI � only. Our estimationalgorithm requiresa
statisticalmodelfor the echo-free
���
 sequence�Q� which is
briefly presentedin the next section. Once K $ hasbeenesti-
mated,� �	� canbederivedvia [7]���	� ���! #"P�.� � A Y^] �_ #" Y^] K $ [ :`<?@ [\a (3)

2.2. Echo-free 
���
 Sequence Model

Thecleanspeech
 ��
 sequence� � is typically non-stationary
andcharacterizedby two states,calledthe silenceandspeech
states. Furthermore,successive valuesare undoubtedlynot
statistically independent:they are correlated(seefigure 1.c).
Hence,we chooseto model �Q� by a 2-statesone-dimensional
Linear Predictive Hidden Markov Model (LP-HMM) [6]. In
this model, the 
���
 sequence��� is generatedby processing
theemissionsequenceb � with anAR filter of order c ,d � Y�e.� [ �Q� � bf�g]ih2j 3 $ d j Y�e.� [ �Q�f1 j (4)

whosecoefficients
d j Y�e � [ , k �l� Z a�aBa Z c , arefunctionof the

LP-HMM statesequenceeM� . TheemissionsbP� areassumed
to beconditionallyindependentgiventhestatesequencee � and
have a Gaussiandistribution with meanm/n andvarianceo�n fore.� �qp , pr�s� Z � . To completeour model, we define the

transitionprobabilities tun v �� cQw eM� �yx%z e.�P1 $ �{p}| . All the
parameterscanbe estimatedby an Expectation-Maximization

Table 1: Parametersof a 2-statesone-dimensionalfirst-order
LP-HMM for 
 ��
 sequenceof cleanspeechfor � ( =30msand< @

=100Hz.e � �;p t n_n t n v m n o n d �GY p [ d $ Y p [
0 0.95 0.05 -4.3 4.2 1.0 -0.92
1 0.03 0.97 1.1 3.2 1.0 -0.77
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Figure 3: 2-statesone-dimensionalfirst-order LP-HMM for
modeling 
���
 sequenceof clean speech(0: silence state,
1: speechstate).

(EM) algorithm[6] from 
���
 sequencesextractedfrom a clean
speechdatabase.Note that the modelingis doneover the log-
energy sequencesbecausethesedatahave a betterconditioned
dynamicsthanthelinearenergy sequences.Figure3 illustrates
a 2-statesone-dimensionalLP-HMM with AR filters limited to
first order( c �~� ) whichis usedin thiswork. Table1 givesthe
parametersof themodeltrainedonacleanpartof theAURORA
speechdatabase[2].

2.3. Maximum Likelihood � �	� Estimation

In this section,we presentthealgorithmfor blindly estimating
the reverberationtime � �	� . The algorithm is inspiredby ML
stochasticmatching[8]. Given a statisticalmodel of the un-
observedclean 
���
 sequence�Q� (section2.2), theparametersY K �4Z K $\[ of thedistortionmodel(section2.1) areestimatedso
asto maximizethelikelihoodof theobservedreverberated
���

sequenceI7� . Maximizationis performedby an iterative EM-
like algorithm.Givenanobserved 
 ��
 sequenceI��� of length� N � , or equivalently its linearcounterpartL �� , andcurrent
estimatesY K�� �^�� Z K�� ���$ [ of thedistortionmodel,we first compute
(E-step)theauxiliary function,� Y K�� � - $ �� Z K�� � - $ �$ z K�� �^�� Z K�� ���$ [�� b�� �_ #" k?Y�L �� Z e �� z K � � - $ �� Z K � � - $ �$ [ z L �� Z K � �^�� Z K � ���$=� (5)

where e �� denotesthehiddenstatesequenceof theLP-HMM.
We then find re-estimationformulaeby maximizing (M-step)
equation(5) with respectto Y K�� � - $ �� Z K�� � - $ �$ [ . Sincethedistor-
tion parametersdo not dependon the statesequence,we can
equivalentlysolve,Y K � � - $ �� Z K � � - $ �$ [ ���S��"����S� b � �_ #" k?Y�L �� z e �� [ � (6)

whereconditioningargumentshave beendroppedfor easeof
notation.In orderto deriveclosed-formre-estimationformulae,
weassumethatthe � -th estimate

J � �^�� �;K � ���� L ��N K � �^�$ L �f1 $
is closeto the next estimation

J � � - $ �� . Hence,onecanwrite
thefollowing linearapproximation,�.���! 4" $ � Y J � � - $ �� [�� �.���! 4" $ � Y J � �^�� [N Y J � � - $ �� ] J � ���� [ A.��J � ���� Z � �;�! 4" Y �.� [ A ��� (7)

usingTaylorseriesexpansionlimited to first order. Equation(7)
canberewrittenas� � � - $ �� � $2� 3 ��� � � - $ ��S� � L �f1 � N�� � � - $ �� (8)



with � � � - $ ��S� � ���K � � - $ �� A.��J � ���� and � � � - $ �� �� � � �^�� ] � AM� . Using
equation(4) for c �~� , we obtainthelinearrelation,b � � - $ �� � $2j 3 � d j Y�e � [�� $2� 3 � � � � - $ ��S� �P1 j L��P1 j 1 � NO� � � - $ ��P1 jf� a

(9)

Hence,we have now to solve,Y K � � - $ �� Z K � � - $ �$ [ ���M��"����S� b�� �! 4"Q� kEY b �� z e �� [ z ¡�z ¢ � (10)

with z ¡�z denotingthedeterminantof theJacobianof thematrix
form of the linear transformation(9) betweenthe observation
vector L �� andtheemissionvector b �� . By propernormaliza-
tion of the speechutterancesduring training of the LP-HMM
andduringestimationof � �	� , we canconstrainK � to beequal
to 1. Underthis constrain,onecaneasilyshow that z ¡�z is in-
dependentof Y K �4Z K $\[ . Furthermore,sincethe emissionsare
conditionallyindependent,equation(10)becomesK�� � - $ �$ ���S��"����S� �2�+3 � b � �! 4" k?Y b � � - $ �� z eM� [ � a (11)

Equation(11) can be further developedby introducing the a

posteriori stateprobabilities
� � ���� � n �� cQw e � �£p¤z LP�� Z K � ���$ | , p��� Z � . Usingtheassumptionthat bP� is Gaussiandistributed,we

findK�� � - $ �$ ���M��"����M� �2�+3 � $2 n¥3 � � � ���� � n Y b � � - $ �� ]rmEn [ A o 6n (12)

where constant terms have been cancelled out. The re-
estimationformulafor K $ is obtainedby settingthefirst deriva-
tiveof theright-handtermof (12)with respectto K�� � - $ �$ to zero
afterusingrelation(9). Wefinally obtain,K � � - $ � � Y^]�k � �^� ]§¦ � ��� [ AM¨ � ��� (13)

with k � ��� , ¦ � ��� and
¨ � �^� definedas,© � ���� � n �� $2j 3 � d j Y p [ L �P1 j 1 $ AM��J � ����P1 j (14)¨ � ��� �� �2�53 � $2 n¥3 � � � ����

� no 6n � © � ���� � n ¢ 6 (15)

¦ � ��� �� �2�53 � $2 n¥3 � � � ����
� no 6n & $2j 3 � d j Y p [ L��P1 j��J � ����P1 j 8 © � ���� � n (16)

k � ��� �� �2�+3 � $2 nª3 � � � ����
� no 6n & $2j 3 � d j Y p [ Y}� � ����P1 j ] �� [ ]«m n 8 © � ���� � n a

(17)

Theresultingiterative estimationalgorithmis outlinedbe-
low:

1. Initialize the estimateof the distortion parameterK � � �$
( K � �y� ) andset � �l� , andcomputeL�� �¬�.� W T U $ � ,D ��� Z a�a�a Z � ;

2. Apply the inverse distortion filter to obtainJ � ���� � K � ���� L�� N K � ���$ L��f1 $ , and compute� � ���� �~�.���_ #"%$ � J � �^�� , D ��� Z a�a�a Z � ;

3. Estimatethea posteriori stateprobabilities
� � ���� � n via the

Forward-Backward algorithm [6] given the LP-HMM
parametersand � � ���� , D ��� Z a�aBa Z � ;

4. Obtainupdatedestimateof K�� � - $ �$ by applying the re-
estimationformula(13)–(17);

5. Set � � � N � andgoto 2 unlessconvergenceis reached;

6. Derive thereverberationtime � �	� from K�� ���$ via (3).

3. Application to Robust ASR
In [3], we showed that training acousticmodelson artificially
reverberatedspeechcan provide robust systemsfor hands-
free speechrecognitionin reverberantenvironments. We pro-
posedin [3] to producereverberatedspeechby processingclean
speechwith a filter whosefinite-length impulse responseH%�
is designedto match the reverberationtime of the target re-
verberantoperatingenvironment. Under the assumptionsthat
thesoundfield is diffuseandthat thereverberationtime is fre-
quency independent,thesyntheticimpulseresponseH%� canbe
obtainedby shapinga Gaussianwhite randomsequencewith
a decayingexponentialwhosedampingconstantis directly re-
lated to the reverberationtime. Oncea reverberateddatabase
hasbeengeneratedby convolving a cleanspeechdatabasewithH%� , an acousticmodelcorrespondingto the specified� �	� can
betrainedfor speechrecognition.Repeatingtheprocessfor dif-
ferentvaluesof � �	� , a library of acousticmodelscanbe build
for variousreverberationtimes. Sincethereverberationtime is
rarelyknown in advance,� �	� hasto beestimatedduringoper-
ation from the speechutteranceto be recognized.Hence,the
proposed���	� estimationalgorithmcanbeusedfor selectingthe
bestacousticmodel.

3.1. Speech Material and Recognizer Description

The speechmaterialusedin this work comesfrom the clean
part of the AURORA [2] databaseand consistsof connected
digit sequences.Recognitionexperimentsareperformedwith
a phoneme-basedhybrid Multilayer Perceptron(MLP)/HMM
recognizer. The phonemea posteriori probabilitiesare esti-
matedby a MLP fed with acousticfeaturescomputedfrom
30mslong/10msoverlappingframesof speechsignalsampled
at8kHz. Theacousticfeaturesareobtainedby oneof threefol-
lowing front-ends:Mel-warpedfrequency cepstralcoefficients
(MFCC),MFCCwith cepstralmeansubtraction(CMS) [4] and
logRASTA-PLP [5] coefficients. The last two front-endsare
known to be robust to channeldistortion. Speechdecodingis
doneby Viterbi search,with neitherpruningnor grammarcon-
straints.

3.2. Experimental Results

First,we trainednineacousticmodels:oneonecho-freespeech
andeighton artificially reverberatedtrainingsetsfor � �	� vary-
ing uniformly from 200msto 1600ms.For each���	� , the cor-
respondingtraining setwasobtainedby usingthe methodde-
pictedin the previous section.Meanwhile,testsetsweregen-
eratedby convolving the cleantestsetwith room impulsere-
sponsescomputedby the ImageMethod[1]. Thewall absorp-
tion coefficientsof thereverberantroomsimulatorwerechosen
to getspecificreverberationtimes.Table2 reportscross-testing
results.We seethat the lowestword error rate(WER), i.e. the
sum of the substitution(SUB), deletion (DEL) and insertion
(INS) errorrates,is alwaysachievedby theacousticmodelmost
closelymatchingthe testingconditions(maindiagonal).Even
if thereis noacousticmodelwhichmatchesexactly thetest���	� ,
theperformanceof theselectedmodeldoesnotdegrademuchif
thegrid for ���	� in thelibrary of acousticmodelsis tight enough.



Table2: PerformancesWER [%] of MFCC-basedacousticmodelstrainedon artificially reverberatedspeechfor variousreverberant
testingconditions.

Testset
Trainingset

clean � �	� �®­S�4� ms 400ms 600ms 800ms 1000ms 1200ms 1400ms 1600ms
clean 1.7 2.9 7.6 11.9 15.9 19.8 20.6 22.7 23.8� �	� ��­#�4� ms 7.0 3.6 4.5 6.4 9.8 12.5 13.7 15.1 16.1

300ms 7.8 3.9 4.4 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

Table3: Medianabsolutevalueerror (MAVE) [ms] andrela-
tive MAVE [%] for blind estimationof � �	� andcorresponding
confusionrate(CR) [%] for modelselection.

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

As couldhave beenexpected,WER increasesfor thematching
acousticmodelasthereverberationbecomesstronger.

Next, we testedour modelselectionapproachby blind es-
timationof � �	� . Testsetsweregeneratedby mixing groupsof
utterancesreverberatedat different levels. Eachgroupwasat
least5s long andobtainedby convolving cleanutteranceswith
a roomimpulseresponsecorrespondingto a specific���	� . Prior
to its recognition,everygroupwasprocessed:the 
���
 sequence
wascomputedfor � ( ��¯#� ms and

<?@ �°���4� Hz, ���	� wases-
timatedandthemostcloselymatchingMLP of thelibrary was
activated. Two setsof experimentswereperformed: test sets
weregeneratedby convolutionwith roomimpulseresponsesei-
thercomputedin oneof theprevioussimulatedrooms(testA),
or measuredin realreverberantenclosures(testB) usinga cor-
relationmethodbasedon an optimal time-stretchedpulse[9].
Table 3 gives the medianabsolutevalue errors (MAVE) for� �	� estimation. Referencereverberationtimes for computing
MAVE are known by designfor test A while they were esti-
matedby Schroeder’s methodfrom the measuredimpulsere-
sponsesfor test B. Table 3 also reportsconfusionrates, i.e.
wrong acousticmodelselectionrates. Table4 shows that the
proposedmodel selectionmethodoutperformssystemsbased
on standardchannel-robust acousticfeatures. Furthermore,it
approachestheperformanceof the“Oracle” methodfor which���	� is assumedto be known in advanceandthe bestmodel is
alwaysselected.

4. Conclusion and Future Work
We have proposedan algorithmfor blind estimationof the re-
verberationtime, andsuccessfullyappliedit to robust speech
recognitionin reverberantenvironmentsby acousticmodelse-
lection. Evenif satisfactorily resultswereobtainedin termsof
bothestimationerrorandselectionerror, furtherimprovements
can be expectedby relaxing the main hypothesiswhich sup-
posesthat thereverberationtime is frequency independent.To
do so, themethodhasto be extendedto a multibandapproach
for which � �	� is assumedconstantinsidefrequency subbands
only.

Table 4: Comparison between performances WER
(SUB/DEL/INS) [%] of two standardnormalization tech-
niques,our modelselectionmethodandthe“Oracle” method.

Method
TestSet

A B
MFCC-CMS 35.7(10.2/15.8/9.7) 40.3(12.1/18.7/9.5)

logRASTA-PLP 35.2(12.6/13.9/8.7) 38.2(11.5/18.1/8.6)
Model Selection 14.0(4.8/5.4/3.8) 18.1(6.5/8.4/3.2)

“Oracle” 13.6(4.7/6.1/2.8) 17.5(6.2/8.4/2.9)
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