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ABSTRACT

Spealer identibcationsystemswork quite well in controlled ervi-
ronmentsbut their performancealegradessererelyin the presencef
thereverberationthatis frequentlyencounteredh realisticacousti-
cal ervironments. In this paperwe develop an algorithmto malke
spealkeridentibcatiorsystemanorerobustto reverberatiorby pass-
ing sequencesf cepstralfeaturesthrougha shortFIR blter The
coebcientsof the blterarechoserto minimizethe meansquaredif-
ferencesbetweencompensatedeaturesin the training and testing
ervironments. Surprisingly the resultingblter coebcientsarerel-
atively invariantto the actualnatureof the reverberation. The use
of the post-blteringapproachs shawvn to improve spealer identip-
cationaccuray, especiallywhenreverberationtimes arerelatively
long.

Index TermsN Spealer Recognition, Decorvolution, Least
MeanSquareMethods WienerFiltering

1. INTRODUCTION

Spealerrecognitionor spealeridentipbcation(SID) is thetechnology
that attemptsto identify a subjecton the basisof his or her speech
[1]. Someof theimportantapplicationsof the SID includespealer
authenticationsecurity andveribcation.

Currentstate-of-the-arSID systemserformvery well in con-
trolled ervironmentswherespeechsamplescollectedfor the iden-
tibcationtask are reasonablyclean, but real life ervironmentsare
far less controlled. SID accurag can deterioratesignibcantlyin
the presenceof noise,interferenceand reverberation. Rotustness
to noise and channelmismatchhasbeenstudiedin [2][3], which
includethe applicationof algorithmssuchas cepstralsubstraction,
featurewarping,andfeaturetransformatiorto SID. In this paperwe
studytherobustnes®f SID to reverberation.Theissueof reverber
ation hasbeenstudiedin termsof multi-microphonearrayprocess-
ing in [4]. Compensatiomethodsbhasedon scorefusionhave been
developedin [3]. Compensatiorbasedon multi-style training for
differentreverberatiorconditionsis describedn [5].

Mary of the previous approachesor reverberationcompensa-
tion eitherrequiremultiple microphonesor training datafrom dif-
ferentervironments.Thesolutionfor reverberatiorcompensatiois
usuallylocal andno guaranteearemadeaboutperformanceacross
differentconditions. Our approachfor reverberationcompensation
is basedon a single microphone and we attemptto develop a so-
lution which is globalin scopethat providesimprovementacrossa
wide rangeof reverberanernvironments.

Therestof the paperis organizedasfollows. We begin with a
mathematicatharacterizatiornf the effectsof reverberatiorin Sec.
2. In Sec. 2.2 we describeand optimize our algorithmfor rever-
berationcompensatiobasedn post-blteringpf cepstrakequences.
Experimentatesultsaredescribedn Secs.3.1and3.2,andwe dis-
cussthe underlyingassumption# our algorithmin Sec.4. Section
5 summarizeshe bPndingsof this study

2. SPEAKER IDENTIFICA TION IN REVERBERANT
ENVIRONMENTS

In this section we describesomeof the effectsof reverberation We
proposea representatiomhich relatesreverberatedspeectto clean
speech. This representatiorleadsto a distortion measurewhich
characterizethe mismatchbetweerreverberatedand cleanspeech.
Next, we proposea solutionthatis basedon abstractlypassingthe
reverberatechnd cleanspeechthrougha linear blter and determin-
ing the coebcientsthat minimize the meansquaredistortion. We
solve this optimizationin section2.2, andwe show thatundercer
tainassumptionsur solutionis unique,optimal,andinvariantto the
actualreverberationsothatthe samesolutionworksacrosdifferent
conditions.

2.1. Mathematical Representationof Reverberation

This section provides a representatiorof reverberatedspeechin
termsof the correspondingcleanspeech. The SID systemworks
in conventionalfashion,by extracting featuresfrom the signaland
determiningwhich of asetof trainedmodelsprovidesthebestmatch
to anensemblef incomingfeatures.In orderto maintainhigh SID
accuray, it is desirablethat the featuresderived from reverberated
speecltloselymatchfeaturesderived from the correspondinglean
speech.Let x[n] representhe cepstal featuesof a speechwave-
form (andnot the original waveformitself), andlet y, [n] represent
the correspondingepstrafeaturesafterundegoingroomreverber
ation. Becauseeverberatiorcanbethoughtof asthe convolution of
theinputspeectwith theeffective impulseresponsef aroom,there
would be a constandifferencebetweenc[n] andyy [n] if thesefea-
turesrepresentedbng-termcepstraof the entire waveform. When
z[n] andyy [n] arecepstralcoebcientsof brief sgmentsof speech
(asin short-timeFourier analysis),thereis an interactionbetween
thespeectandtheanalysiswindow andthedifferencebetweenz[n]
andy, [n] is no longerconstant.For simplicity, we proposethatthe
reverberatectepstralfeaturesy, [n] canbe represente@sthe con-
volution betweertheinput cepstraz[n] andthe cepstralcoefcients



h[n] representinghe effectsof theroom:

Np
yuln] = zln]+ > hlialn! ] @
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Referringto Fig. 1, x = z[n]|N_; representslean speechfea-
turesandy, = wu[n]|¥-, representshe correspondingeverber
atedfeaturesThesubscripuiny, indicatesuncompensatespeech
in the testing ervironment. Thus, the assumptionin (1) implies
a linear blter in the cepstralfeaturedomainwith blter tapsbeing
h = [1hy &éhn, ]. Notethatin this representatiok[0] = 1. As
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Fig. 1. Block diagramrepresentinghe modelof reverberationand
compensation.

a resultof reverberation systemtraining will be performedon the
featuresof cleanspeechx but testingwill usereverberatedeatures
yu - We debnetheinstantaneouancompensatedistortiond, [n] to
be

Np
du[n] = z[n]! yu[n] = z[n]! h[n]" z[n] = Zh[z]x[n' il (2)
i=1

(Thesecondequalityis valid becausé[0] = 1.)

We compensatdor the effects of reverberationby imposing
a Pnite-impulseresponsed.TI plter on the obsered features(p in
Fig. 1). We referto the outputsof thesefeaturesas compensated
andwe usethenotationsx ¢ andy . to indicatefeaturegepresenting
compensatedtlean speechand reverberatedspeech,respectiely.
We debnethe instantaneousompensatedistortion dc[n] to bethe
differencebetweencc[n] andyc[n]:

deln] = acln]! yeln] = pln]" aln]! pln] " Aln] " afn]
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whereN, is thenumberof tapsin thep blter We seekto obtainthe
optimal p blterwhich, whenappliedto bothx andy, , minimizes
themeansquarecompensatedistortiond.[n] asdePnedabore.

2.2. Solution to the Minimization Problem

In this section,we determinethe optimal p blterasdebnedn Sec.
2.1. We debnethe objective for optimizationto be the minimum
expecteddistortion betweenthe compensatedraining and testing
features,and we bnd p to minimize E[d2[n]]. Using (3), obtain
E[d?[n]] asbelow:

@
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For evaluatingd? in (4), theterms E[d, [m]dy [r]] canbe obtained
by using(2) asbelow:

Eldu[mlduln]] = Y Elhlidhljlelm ! deln! 1 (5)

1" ij " Np
Further assuminghat
E[R[iR[] = o28[i! j], o2 # O
E[nrilalj)z[m]z[n]] = E[R[]AL]] Elx[m]zln]],  $i,j,m,n

(6)

with ¢ beingKronecler delta,we canobtain E[d, [m]dy [n]] in (5)
as

E[du[m]du[n]] = Nno?Rx[n! m] (7)

whereRy is theautocorrelatiorsequencef x . Substituting(7) into

(4), we obtain

0" ij " Np! 1

@ = Nyo? plilpli]Rx[i ! 4] (8)

We candifferentiate(8) with respecto p to bPndthe optimal p but
thiswill resultin theoptimalp beingO: if all theelementsn p are
equalto O, all featuresin x andy, will be mappedto O, andthe
meansquaredistortiondZ will alwaysbe zeroaswell. While this
is clearly the optimal solutionin the mathematicakenseijt is nota
usefulsolution. In orderto avoid the degeneratesolutionp = 0 we
furtherconstrainp:

Np! 1

> plil# 0 ©)
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The constraintin (9) meanghatthep bltermusthave non-zeroDC
gain. Next, thefactthatthe p Plterwill beappliedto bothtraining
andtestingimplies that scalingfeaturesby the samefactorin both
trainingandtestingwill leavetheSID accuray unchangedThisim-
pliesthatwe loseno generalityby usingthe morespecibaonstraint

onp
Np! 1

> plil=1

j=0

(10)

To minimize d2 in (8) under(10), we constructa Lagrangianopti-
mizationcriterionasbelow:
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Differentiating(11) with respecto [p, A\] andequatingthe differen-
tialsto zero,we canobtaintheoptimal p asbelow:

R«[0] Rx[1] Ry[Np! 1] 1
Rx[1] Rx[0] RNp! 2] 1
Rx[Np! 1] Rx[Np! 2] R«[0] 1
1 1 1 0
pl0] 0
pl1] 0
= | ... (12)
p[Np ! 1] 0
2\ 1



where)* = N T Notethatthe unknavn in N, o2 dueto there-

verberatiorblterh hasbeenincorporatednto \*. For laterreference
andcompactnessye write (12) equivalentlyas(13).

-
5]
We notethat Ry, the autocorrelatiorsequencef the cleanfeatures
underlyingthe reverberatedeaturess the only unknavn required
to Pndp in (13), andspecibcallythatthe optimal solutiondoesnot

dependdnthereverberatiorblterh. We have thusdesignedanopti-

mal post-Plterp whichis invariantto thereverberatiordueto h and

thusfar dependsonly on Ry. Of course,an SID systemoperating
in a reverberantervironmentcan obsere directly the reverberated
featuresy, , but the autocorrelatiorof the cleanspeechRy is not

directly obsenrable.Neverthelesswe canapproximateRy astheau-

tocorrelationsequenc@btainedfrom cleanfeaturesextractedfrom

trainingdata:

(13)

Rx[m] & Ry[m], m= 0,8aN,! 2 (14)
where Rt [m] is the autocorrelatiorsequencebtainedfrom clean
featuredn trainingdata.Combining(14) and(11), we cansolve for
p, sothep is invariantto the underlyingcleanfeaturesn x. The"
matrix in (13) is Hermitianbut not Toeplitz, its invertibility guaran-
teesasolutionthatis bothoptimalanduniquefor p. " wasfoundto
beinvertiblein SID evaluationsso combining(1), (6) (9), and(14),
we claim thatwe have developedanoptimalanduniquesolutionfor
p whichis notonly invariantto thereverberatiordueto h butalsoin-
variantto theunderlyingcleanfeaturesn x . Thisinvariancegreatly
simplibesour SID system.We candesignp usingtraining features
aloneandusep to generateompensatettaining featuresx ¢, asin
Fig. 1. Theprocessefeatures« . areusedfor trainingspealer mod-
els. During testingwe applythe sameblterp to theobsenredtesting
featuresn y, andgenerateompensatetestingfeaturesy ., again
asin Fig. 1. Becausdahe samep is appliedacrossall reverberation
conditions,no modibcatiorof the blterdesignneedso be donefor
ary particularreverberanernvironment.

3. EXPERIMENT AL VERIFICA TION

3.1. Experimental Procedures

We appliedourreverberatiorcompensatioapproactbasecbn post-
blteringto a subsebf YOHO database[6]For the YOHO dabasea
total of 40 spealerslabeledfrom 101! 140in theenmoll partof the
YOHO databasevereselectedassubjects SID traininginvolved 16
utterancesrom Sessionl, andtestingwasperformedwith 4 utter
ancesfrom Session2. Testingwasdoneon cleanandreverberant
conditions.

Reverberantspeechwas obtainedby corvolving cleanspeech
with simulatedroomimpulseresponsegproducedy the RIR simu-
lator for room acousticq7], which is basedon the imagemethod.
We useda simulatedroom with dimensionss % 4 % 3m, a single
microphondocatedat the centerof theroom, anda distanceof 1m
betweerthe sourceandthe microphone.Simulatedroom Reverber
ationtimes(RTs)rangedrom O to 2 s, asnotedin Fig. 3. We usethe
standarddePnitionfor RT, the time requiredfor the acousticsignal
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 accuray. We appliedour post-blteringalgorithmto corven-
tional 13-dimensionaMel frequeng cepstralcoebcients(MFCC
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Fig. 2. Typical RoomImpulseResponse

features) asdevelopedusingthe CMU SPHINX system[8]. Pro-
cessingstepsincludedsilencedetectionremoval of thezerd" cep-
stral(C0) coebcient,andCepstraMeanNormalization(CMN) [8].

For SID training, Gaussiamixturemodels(GMMs) weretrainedon
eachspealer@training data. During testing,a log-likelihoodscore
basedestwasusedto identify the spealer[9].

3.2. Experimental Results

Usingtheproceduresbore, SID accurag resultsaresummarizedn
Fig. 3. In all cases32 Gaussiamixtureswereused which provided
our bestperformancefor this task and databaseaveragedacross
the reverberationconditionsused. The SID accurag curve labeled
OGMMGorrespondso thebaselineuncompensatedase.Compen-
satedtrainingfeaturesverecreatedoy applyingthe p blterto train-
ing featuresanddevelopingGMMs for thecompensatetkaturesin
presentinghe compensatetesultsin Fig. 3 we emplgy thenotation
OGMM-P-nGyhich refersto the useof post-processinglterp with
the parameter. denotingthedurationof the FIR impulseresponse.

Comparingthe resultsfor the OGMMGand OGMM-P-n@ases
in Fig. 3, we notethatour post-blteringcompensatioapproactpro-
vides substantiaimprovementin SID accurayg, with greatesim-
provementsobsered for thelarger RTs. Bestperformancevasob-
tainedfor therelatively smallnumberof bve taps,in which casethe
relative SID averageerror rate decreasedby 38% comparedo the
uncompensatedase,including a relative improvementof 50% for
reverberatiortime of 2 secondslt is worthwhileto notethatin mis-
matchedcased(i.e. training on cleanspeechandtestingon rever
beratedspeech)the standarddeviation of the SID accurag across
reverberatiorconditionswith our compensatiomlgorithmwasonly
0.65%, comparedio a standarddeviation of 5.2% for uncompen-
satedfeatures,indicating that the compensatioralgorithm s very
robustto reverberation.

All of theresultsabore wereobtainedusingthe unrealisticap-
proximationthat RT is independenbf frequeny. We performed
anothersetof experimentsusingmorerealistic RTs that decreased
with increasingfrequeng using realistic frequeng-dependentb-
sorptioncoebcientsfor severalcommonbuilding materials. These
results,summarizedn the upperrows of Table1, alsoshav a sig-
nibcantimprovementin SID accurag usingthe compensatiorap-
proachdescribedn this paper We also appliedour algorithmon
SID evaluationusingseveralrealroomimpulseresponsefl0]. The
correspondingesults summarizedn thelowerrows of Tablel, also
demonstratesigniPcantimprovementsusing our algorithm. Addi-
tional resultsapplying our algorithmto a subsetof the Vermobil
databasevill appeaiin futurestudies.



—e—GMM
—¥— GMMIP! 2
N —¥— GMMIP! 3
\ —B—GMMIP! 5
. - A-GMMIPI 7
9o - A - GMMIP! 10

SID Accuracy [%]

80

70 i i i
Clean 0.3 0.5 1 2
Reverberation Time [sec]

Fig. 3. SID Accurag in Reverberation.

Table 1. SID Accurag for RoomSurfacesandreal RIR

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-160.16 975 975

4. DISCUSSION

In this sectionwe discusssomeof the assumptionsnadein this pa-
per. At brstwe assumed representatioffior reverberatedeatures
in (1). As featuresaregeneratedy windowing on overlappingseg-
mentsof speeclsignal,an exact relationshipbetweerreverberated
and cleanfeaturesis hardto bnd. We therefore,neededapproxi-
mationsandborronved (1) from representationf reverberationasa
LTI Plerin time domain. ho = 1 waschosernto keepthe problem
analyticallyattractable.

The assumptiorof (6) essentiallymeansthat the frequeng re-
sponseof the h blteris Rat. This would occurif the RTs werecon-
stantover all frequenciesThis assumptiorwasmadein simulating
the speechdatathat was usedfor theresultsin Fig. 3, but it is not
empirically valid, asnotedabove. Neverthelessthe algorithmwas
alsosuccessfufor the ervironmentalconditionssummarizedn Ta-
ble 1, which includeda small numberof more realistic simulated
andactualroomimpulseresponsesvith reverberatiortime thatde-
creasedas frequeny increased. Thesedataindirectly validatethe
propositionthatthe assumptiorof (14), althoughphysically invalid,
still canproduceusefulcompensatiomesultsin practice.

We canobtainan estimateof numberof tapsin the optimal p
asthekneein the curve describingthe dependencef dz onN,. Al-
thoughd2 decreasewith a larger numberof taps, the dissimilarity

amongcompensatedeaturesfor differentspealersalsodecreases.

As N, becomesvery large, the p blter corvergesto be a uniform
moving averageplterthatsmootheout all the dataandreducesv-
ery featureto its meanvalue,which is zerofor the MFCC features
underconsideration. This reducesthe SID decisionsto a random

guess. For thesereasonswe expecta local maximumin perfor
manceas a function of N,. Next, we note that the optimization
constructionin section2.2 guaranteeshatfor optimal p, the mean
squareddistortionfor compensatedaseF[d2[n]], is never greater
thanthatfor uncompensatedaseE[d2[n]]. Further the optimalp
is alinearphaseblter

The post-blteringalgorithm was also applied directly to the
speechsignalin the time domainbut in this caseuncompensated
caseoutperformectcompensatedase.Thisindicatesghatthemodel-
ing andassumptiongn Sec.2 is noteasilygeneralizabléo thetime
domain.

Ourapproachor dereverberatioris somevhatsimilarto Wiener
Filteringataconceptualevel. Themajordigressiorfrom theWiener
blteris thatthep is appliedto bothtrainingandtestingspeechwhich
leadsto differentrequirementandsolutionsto the problem. While
our approachs invariantto the detailednatureof the reverberation
this is not the casefor Wiener Filtering. We will considergener
alizationsof our approachin later studies. We will alsoapply the
algorithmfor spealer veribcationtasks.

5. CONCLUSIONS

We presentedan algorithmfor reverberationcompensatiotior SID
applications.The compensatioprocedureconsistedf a relatively
simpleFIR blterthatis appliedto sequencesf cepstracoebcients,
with the coebcientsof the blter optimizedto minimize the mean
squaredifferencebetweenthe compensatedoebcientsfor speech
in thetrainingandtestingernvironments.The optimal blterobtained
was unigueandinvariantto the ervironmentalconditionsof a par
ticulartesttrial. This approachprovidedsignibcanimprovementin
SID accuray acrosddifferentreverberationconditionsencompass-
ing simulatedaswell asactualRIRsandalsoacrosdlifferentspeech
databases.
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