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ABSTRACT

Speaker identiÞcationsystemswork quite well in controlledenvi-
ronmentsbut theirperformancedegradesseverelyin thepresenceof
the reverberationthat is frequentlyencounteredin realisticacousti-
cal environments. In this paperwe develop an algorithmto make
speaker identiÞcationsystemsmorerobustto reverberationby pass-
ing sequencesof cepstralfeaturesthrougha short FIR Þlter. The
coefÞcientsof theÞlterarechosento minimizethemeansquaredif-
ferencesbetweencompensatedfeaturesin the training and testing
environments. Surprisingly, the resultingÞlter coefÞcientsarerel-
atively invariant to the actualnatureof the reverberation.The use
of thepost-Þlteringapproachis shown to improve speaker identiÞ-
cationaccuracy, especiallywhenreverberationtimesarerelatively
long.

Index TermsÑ Speaker Recognition, Deconvolution, Least
MeanSquareMethods,WienerFiltering

1. INTRODUCTION

Speakerrecognitionor speakeridentiÞcation(SID) is thetechnology
that attemptsto identify a subjecton the basisof his or her speech
[1]. Someof the importantapplicationsof theSID includespeaker
authentication,security, andveriÞcation.

Currentstate-of-the-artSID systemsperformvery well in con-
trolled environmentswherespeechsamplescollectedfor the iden-
tiÞcationtask are reasonablyclean,but real life environmentsare
far less controlled. SID accuracy can deterioratesigniÞcantlyin
the presenceof noise,interference,andreverberation.Robustness
to noiseand channelmismatchhasbeenstudiedin [2][3], which
includethe applicationof algorithmssuchascepstralsubstraction,
featurewarping,andfeaturetransformationto SID. In thispaper, we
studytherobustnessof SID to reverberation.Theissueof reverber-
ationhasbeenstudiedin termsof multi-microphonearrayprocess-
ing in [4]. Compensationmethodsbasedon scorefusionhave been
developedin [3]. Compensationbasedon multi-style training for
differentreverberationconditionsis describedin [5].

Many of the previous approachesfor reverberationcompensa-
tion eitherrequiremultiple microphonesor training datafrom dif-
ferentenvironments.Thesolutionfor reverberationcompensationis
usuallylocal andno guaranteesaremadeaboutperformanceacross
differentconditions. Our approachfor reverberationcompensation
is basedon a singlemicrophone,andwe attemptto develop a so-
lution which is global in scopethatprovidesimprovementacrossa
wide rangeof reverberantenvironments.

The restof the paperis organizedasfollows. We begin with a
mathematicalcharacterizationof theeffectsof reverberationin Sec.
2. In Sec. 2.2 we describeandoptimizeour algorithmfor rever-
berationcompensationbasedonpost-Þlteringof cepstralsequences.
Experimentalresultsaredescribedin Secs.3.1and3.2,andwe dis-
cusstheunderlyingassumptionsin our algorithmin Sec.4. Section
5 summarizestheÞndingsof this study.

2. SPEAKER IDENTIFICA TION IN REVERBERANT
ENVIRONMENTS

In this section,we describesomeof theeffectsof reverberation.We
proposea representationwhich relatesreverberatedspeechto clean
speech. This representationleadsto a distortion measurewhich
characterizesthemismatchbetweenreverberatedandcleanspeech.
Next, we proposea solutionthat is basedon abstractlypassingthe
reverberatedandcleanspeechthrougha linear Þlter anddetermin-
ing the coefÞcientsthatminimize the meansquareddistortion. We
solve this optimizationin section2.2, andwe show that undercer-
tainassumptionsoursolutionis unique,optimal,andinvariantto the
actualreverberation,sothatthesamesolutionworksacrossdifferent
conditions.

2.1. Mathematical Representationof Reverberation

This sectionprovides a representationof reverberatedspeechin
termsof the correspondingcleanspeech. The SID systemworks
in conventionalfashion,by extractingfeaturesfrom the signaland
determiningwhichof asetof trainedmodelsprovidesthebestmatch
to anensembleof incomingfeatures.In orderto maintainhigh SID
accuracy, it is desirablethat the featuresderived from reverberated
speechcloselymatchfeaturesderivedfrom thecorrespondingclean
speech.Let x[n] representthe cepstral featuresof a speechwave-
form (andnot theoriginal waveformitself), andlet yu [n] represent
thecorrespondingcepstralfeaturesafterundergoingroomreverber-
ation.Becausereverberationcanbethoughtof astheconvolutionof
theinputspeechwith theeffective impulseresponseof aroom,there
would bea constantdifferencebetweenx[n] andyu [n] if thesefea-
turesrepresentedlong-termcepstraof the entirewaveform. When
x[n] andyu [n] arecepstralcoefÞcientsof brief segmentsof speech
(as in short-timeFourier analysis),thereis an interactionbetween
thespeechandtheanalysiswindow andthedifferencebetweenx[n]
andyu [n] is no longerconstant.For simplicity, we proposethat the
reverberatedcepstralfeaturesyu [n] canbe representedasthe con-
volution betweentheinput cepstrax[n] andthecepstralcoefÞcients



h[n] representingtheeffectsof theroom:

yu [n] = x[n] +
N h

i =1

h[i]x[n ! i] (1)

Referring to Fig. 1, x = x[n]|Mn =1 representsclean speechfea-
turesandyu = yu [n]|Mn =1 representsthe correspondingreverber-
atedfeatures.Thesubscriptu in yu indicatesuncompensatedspeech
in the testing environment. Thus, the assumptionin (1) implies
a linear Þlter in the cepstralfeaturedomainwith Þlter tapsbeing
h = [1h1 áááhN h ]. Note that in this representationh[0] = 1. As

Fig. 1. Block diagramrepresentingthemodelof reverberationand
compensation.

a resultof reverberation,systemtraining will be performedon the
featuresof cleanspeechx but testingwill usereverberatedfeatures
yu . We deÞnetheinstantaneousuncompensateddistortiondu [n] to
be

du [n] = x[n] ! yu [n] = x[n] ! h[n] " x[n] =
N h

i =1

h[i]x[n ! i] (2)

(Thesecondequalityis valid becauseh[0] = 1.)
We compensatefor the effects of reverberationby imposing

a Þnite-impulseresponseLTI Þlter on the observed features(p in
Fig. 1). We refer to the outputsof thesefeaturesascompensated,
andweusethenotationsx c andyc to indicatefeaturesrepresenting
compensatedclean speechand reverberatedspeech,respectively.
We deÞnethe instantaneouscompensateddistortiondc [n] to bethe
differencebetweenxc [n] andyc [n]:

dc [n] = xc [n] ! yc [n] = p[n] " x[n] ! p[n] " h[n] " x[n]

= p[n] " du [n] =
N p ! 1

j =0

p[j]du [n ! j] (3)

whereNp is thenumberof tapsin thep Þlter. Weseekto obtainthe
optimal p Þlter which, whenappliedto both x andyu , minimizes
themeansquarecompensateddistortiondc [n] asdeÞnedabove.

2.2. Solution to the Minimization Problem

In this section,we determinetheoptimal p ÞlterasdeÞnedin Sec.
2.1. We deÞnethe objective for optimizationto be the minimum
expecteddistortion betweenthe compensatedtraining and testing
features,and we Þnd p to minimize E[d2

c [n]]. Using (3), obtain
E[d2

c [n]] asbelow:

d2
c = E[d2

c [n]]

=
0" i,j " N p ! 1

p[i]p[j]E[du [i]du [j]] (4)

For evaluatingd2
c in (4), the termsE[du [m]du [n]] canbeobtained

by using(2) asbelow:

E[du [m]du [n]] =
1" i,j " N h

E[h[i]h[j]x[m ! i]x[n ! j]] (5)

Further, assumingthat

E[h[i]h[j]] = σ2δ[i ! j], σ2 #= 0

E[h[i]h[j]x[m]x[n]] = E[h[i]h[j]] E[x[m]x[n]], $i, j, m, n
(6)

with δ beingKronecker delta,we canobtainE[du [m]du [n]] in (5)
as

E[du [m]du [n]] = Nh σ2Rx [n ! m] (7)

whereRx is theautocorrelationsequenceof x . Substituting(7) into
(4), weobtain

d2
c = Nh σ2

0" i,j " N p ! 1

p[i]p[j]Rx [i ! j] (8)

We candifferentiate(8) with respectto p to Þndtheoptimal p but
this will resultin theoptimalp being0: if all theelementsin p are
equalto 0, all featuresin x andyu will be mappedto 0, and the
meansquaredistortiond2

c will alwaysbe zeroaswell. While this
is clearly theoptimalsolutionin themathematicalsense,it is not a
usefulsolution. In orderto avoid thedegeneratesolutionp = 0 we
furtherconstrainp:

N p ! 1

j =0

p[j] #= 0 (9)

Theconstraintin (9) meansthatthep Þltermusthave non-zeroDC
gain. Next, the fact that thep Þlterwill beappliedto both training
andtestingimplies that scalingfeaturesby the samefactorin both
trainingandtestingwill leavetheSID accuracy unchanged.This im-
pliesthatwe losenogeneralityby usingthemorespeciÞcconstraint
onp

N p ! 1

j =0

p[j] = 1 (10)

To minimize d2
c in (8) under(10), we constructa Lagrangianopti-

mizationcriterionasbelow:

!( p, λ) = Nh σ2

0" i,j " N p ! 1

p[i]p[j]Rx [i ! j]+

λ(
N p ! 1

j =0

p[j] ! 1) (11)

Differentiating(11) with respectto [p, λ] andequatingthedifferen-
tials to zero,wecanobtaintheoptimalp asbelow:

Rx [0] Rx [1] . . . Rx [Np ! 1] 1
Rx [1] Rx [0] . . . Rx [Np ! 2] 1
. . . . . . . . . . . . . . .

Rx [Np ! 1] Rx [Np ! 2] . . . Rx [0] 1
1 1 . . . 1 0

%

p[0]
p[1]
. . .

p[Np ! 1]
λ#

=

0
0

. . .
0
1

(12)



whereλ# = !
2N h " 2 . Notethat theunknown in Nh σ2 dueto there-

verberationÞlterh hasbeenincorporatedinto λ#. For laterreference
andcompactness,wewrite (12)equivalentlyas(13).

" pT

λ# = b (13)

We notethatRx , theautocorrelationsequenceof thecleanfeatures
underlyingthe reverberatedfeatures,is the only unknown required
to Þndp in (13), andspeciÞcallythat theoptimalsolutiondoesnot
dependon thereverberationÞlterh . Wehave thusdesignedanopti-
malpost-Þlterp which is invariantto thereverberationdueto h and
thusfar dependsonly on Rx . Of course,an SID systemoperating
in a reverberantenvironmentcanobserve directly the reverberated
featuresyu , but the autocorrelationof the cleanspeechRx is not
directlyobservable.Nevertheless,wecanapproximateRx astheau-
tocorrelationsequenceobtainedfrom cleanfeaturesextractedfrom
trainingdata:

Rx [m] & RT [m], m = 0, áááNp ! 2 (14)

whereRT [m] is the autocorrelationsequenceobtainedfrom clean
featuresin trainingdata.Combining(14) and(11),we cansolve for
p, sothep is invariantto theunderlyingcleanfeaturesin x . The"
matrix in (13) is Hermitianbut not Toeplitz,its invertibility guaran-
teesasolutionthatis bothoptimalanduniquefor p. " wasfoundto
beinvertible in SID evaluationssocombining(1), (6) (9), and(14),
weclaim thatwehavedevelopedanoptimalanduniquesolutionfor
p whichis notonly invariantto thereverberationdueto h butalsoin-
variantto theunderlyingcleanfeaturesin x . This invariancegreatly
simpliÞesour SID system.We candesignp usingtrainingfeatures
aloneandusep to generatecompensatedtrainingfeaturesx c , asin
Fig. 1. Theprocessedfeaturesx c areusedfor trainingspeakermod-
els.During testingweapplythesameÞlterp to theobservedtesting
featuresin yu andgeneratecompensatedtestingfeaturesyc , again
asin Fig. 1. Becausethesamep is appliedacrossall reverberation
conditions,no modiÞcationof theÞlterdesignneedsto bedonefor
any particularreverberantenvironment.

3. EXPERIMENT AL VERIFICA TION

3.1. Experimental Procedures

Weappliedourreverberationcompensationapproachbasedonpost-
Þlteringto a subsetof YOHO database[6].For theYOHO dabase,a
total of 40 speakerslabeledfrom 101! 140 in theenroll partof the
YOHOdatabasewereselectedassubjects.SID traininginvolved16
utterancesfrom Session1, andtestingwasperformedwith 4 utter-
ancesfrom Session2. Testingwasdoneon cleanandreverberant
conditions.

Reverberantspeechwas obtainedby convolving cleanspeech
with simulatedroomimpulseresponsesproducedby theRIRsimu-
lator for room acoustics[7], which is basedon the imagemethod.
We useda simulatedroom with dimensions5 % 4 % 3m, a single
microphonelocatedat thecenterof theroom,anda distanceof 1m
betweenthesourceandthemicrophone.SimulatedroomReverber-
ationtimes(RTs)rangedfrom 0 to 2 s,asnotedin Fig. 3. Weusethe
standarddeÞnitionfor RT, the time requiredfor theacousticsignal
power to decayby 60 dB from the instanta soundsourceis turned
off. We depicttypical simulatedRIRsfor RTs of 0.5 and2 seconds
in Fig. 2. The larger RIRs createdistortionsthat severely degrade
SID accuracy. We appliedour post-Þlteringalgorithm to conven-
tional 13-dimensionalMel frequency cepstralcoefÞcients(MFCC

0 0.05 0.1 0.15 0.2 0.25
0

0.5

1

Time [sec]

Reverb. Time ! 0.5 sec

0 0.05 0.1 0.15 0.2 0.25
0

0.5

1

Time [sec]

Reverb. Time ! 2.0 sec

Fig. 2. TypicalRoomImpulseResponse

features),asdevelopedusingthe CMU SPHINX system[8]. Pro-
cessingstepsincludedsilencedetection,removal of thezeroth cep-
stral(C0) coefÞcient,andCepstralMeanNormalization(CMN) [8].
For SID training,Gaussianmixturemodels(GMMs) weretrainedon
eachspeakerÕs training data. During testing,a log-likelihoodscore
basedtestwasusedto identify thespeaker[9].

3.2. Experimental Results

Usingtheproceduresabove,SID accuracy resultsaresummarizedin
Fig. 3. In all cases32Gaussianmixtureswereused,whichprovided
our bestperformancefor this task and database,averagedacross
the reverberationconditionsused.The SID accuracy curve labeled
ÒGMMÓcorrespondsto thebaselineuncompensatedcase.Compen-
satedtrainingfeatureswerecreatedby applyingthep Þlterto train-
ing featuresanddevelopingGMMs for thecompensatedfeatures.In
presentingthecompensatedresultsin Fig. 3 weemploy thenotation
ÓGMM-P-nÓ,which refersto theuseof post-processingÞlterp with
theparametern denotingthedurationof theFIR impulseresponse.

Comparingthe resultsfor the ÒGMMÓandÒGMM-P-nÓcases
in Fig. 3, wenotethatourpost-Þlteringcompensationapproachpro-
vides substantialimprovementin SID accuracy, with greatestim-
provementsobservedfor the largerRTs. Bestperformancewasob-
tainedfor therelatively smallnumberof Þve taps,in which casethe
relative SID averageerror ratedecreasedby 38% comparedto the
uncompensatedcase,including a relative improvementof 50% for
reverberationtimeof 2 seconds.It is worthwhileto notethatin mis-
matchedcases(i.e. training on cleanspeechand testingon rever-
beratedspeech),the standarddeviation of the SID accuracy across
reverberationconditionswith our compensationalgorithmwasonly
0.65%, comparedto a standarddeviation of 5.2% for uncompen-
satedfeatures,indicating that the compensationalgorithm is very
robustto reverberation.

All of the resultsabove wereobtainedusingtheunrealisticap-
proximation that RT is independentof frequency. We performed
anothersetof experimentsusingmorerealisticRTs that decreased
with increasingfrequency using realistic frequency-dependentab-
sorptioncoefÞcientsfor several commonbuilding materials.These
results,summarizedin the upperrows of Table1, alsoshow a sig-
niÞcantimprovementin SID accuracy using the compensationap-
proachdescribedin this paper. We also appliedour algorithm on
SID evaluationusingseveralrealroomimpulseresponses[10]. The
correspondingresults,summarizedin thelowerrowsof Table1,also
demonstratesigniÞcantimprovementsusing our algorithm. Addi-
tional resultsapplying our algorithm to a subsetof the Vermobil
databasewill appearin futurestudies.
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Table1. SID Accuracy for RoomSurfacesandrealRIR
Real Room Uncompensated Compensated
RIR Surfaces [%] [%]

AcousticTile 91.3 95.7
Wood 71.9 86.3
Glass 72.5 85.0
Brick 65.6 81.9

imp-rev.30 70.0 82.5
imp-130.1 83.1 86.9
imp-160.16 97.5 97.5

4. DISCUSSION

In this sectionwe discusssomeof theassumptionsmadein this pa-
per. At Þrstwe assumeda representationfor reverberatedfeatures
in (1). As featuresaregeneratedby windowing on overlappingseg-
mentsof speechsignal,an exact relationshipbetweenreverberated
and cleanfeaturesis hard to Þnd. We therefore,neededapproxi-
mationsandborrowed(1) from representationof reverberationasa
LTI Þler in time domain. h0 = 1 waschosento keepthe problem
analyticallyattractable.

The assumptionof (6) essentiallymeansthat the frequency re-
sponseof theh Þlter is ßat. This would occurif theRTs werecon-
stantover all frequencies.This assumptionwasmadein simulating
the speechdatathat wasusedfor the resultsin Fig. 3, but it is not
empirically valid, asnotedabove. Nevertheless,the algorithmwas
alsosuccessfulfor theenvironmentalconditionssummarizedin Ta-
ble 1, which includeda small numberof more realistic simulated
andactualroomimpulseresponseswith reverberationtime thatde-
creasedas frequency increased.Thesedataindirectly validatethe
propositionthattheassumptionof (14),althoughphysically invalid,
still canproduceusefulcompensationresultsin practice.

We canobtainan estimateof numberof tapsin the optimal p
asthekneein thecurve describingthedependenceof d2

c onNp . Al-
thoughd2

c decreaseswith a largernumberof taps,thedissimilarity
amongcompensatedfeaturesfor differentspeakersalsodecreases.
As Np becomesvery large, the p Þlter convergesto be a uniform
moving averageÞlter thatsmoothesout all thedataandreducesev-
ery featureto its meanvalue,which is zerofor the MFCC features
underconsideration.This reducesthe SID decisionsto a random

guess. For thesereasons,we expect a local maximumin perfor-
manceas a function of Np . Next, we note that the optimization
constructionin section2.2 guaranteesthat for optimal p, the mean
squareddistortionfor compensatedcaseE[d2

c [n]], is never greater
thanthat for uncompensatedcaseE[d2

u [n]]. Further, theoptimal p
is a linearphaseÞlter.

The post-Þlteringalgorithm was also applied directly to the
speechsignal in the time domainbut in this caseuncompensated
caseoutperformedcompensatedcase.This indicatesthatthemodel-
ing andassumptionsin Sec.2 is not easilygeneralizableto thetime
domain.

Ourapproachfor dereverberationis somewhatsimilar to Wiener
Filteringataconceptuallevel. ThemajordigressionfromtheWiener
Þlteris thatthep isappliedtobothtrainingandtestingspeech,which
leadsto differentrequirementsandsolutionsto theproblem.While
our approachis invariantto thedetailednatureof the reverberation
this is not the casefor Wiener Filtering. We will considergener-
alizationsof our approachin later studies. We will alsoapply the
algorithmfor speakerveriÞcationtasks.

5. CONCLUSIONS

We presentedanalgorithmfor reverberationcompensationfor SID
applications.Thecompensationprocedureconsistedof a relatively
simpleFIR Þlterthatis appliedto sequencesof cepstralcoefÞcients,
with the coefÞcientsof the Þlter optimizedto minimize the mean
squaredifferencebetweenthe compensatedcoefÞcientsfor speech
in thetrainingandtestingenvironments.TheoptimalÞlterobtained
wasuniqueandinvariantto the environmentalconditionsof a par-
ticular testtrial. This approachprovidedsigniÞcantimprovementin
SID accuracy acrossdifferentreverberationconditionsencompass-
ing simulatedaswell asactualRIRsandalsoacrossdifferentspeech
databases.
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