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ABSTRACT

This paperpresentsthe performanceof a text independent
speaker verificationsystemusingGaussianMixture Model
(GMM) for theBrazilianPortuguese.TheGaussiancompo-
nentsof the GMM statisticallyrepresentthe spectralchar-
acteristicsof the speaker, leading to an effective speaker
recognitionsystem.Themaingoalhereis adetailedevalua-
tion of theparametersusedby theGMM suchasthenumber
of Gaussianmixtures,the amountof time for training and
testing. Aiming at the definition of the bestsetof features
for a reasonableresponse,this work helpsthe comprehen-
sion of the modelandgives insightsfor further investiga-
tion. Wehaveused36speakersin theexperiments,all mod-
eled with 15 mel-cepstralcoefficients. For 32 Gaussians,
60 secondsof training, and30 secondsof testing,the sys-
temhasnofailurefor areasonablycleanspeechsignal.The
resultshave shown that the higher the amountof time for
trainingandtesting,thebetteraretheresultsfor agivensta-
tistical modelingof thespeakers. It wasinterestingto note
thatwhenthetime of trainingdropsto 10 seconds,increas-
ing the numberof Gaussianwas irrelevant to the system
performance.

1. INTRODUCTION

Therecognitionof a humanbeingthroughhis voice is one
of the simplestforms of automaticrecognitionbecauseit
usesbiometric characteristicswhich comefrom a natural
action,thespeech.Speech,beingpresenteverywherefrom
telephonenetsto personalcomputers,maybe thecheapest
form to supplyagrowingneedof providingauthenticityand
privacy in theworldwidecommunicationnets[1].

Researchin the areaof speaker recognitionhassignif-
icantly grown over the last few yearsdueto a vastareaof
applicationswheretherecognitioncanbeusedsuchas

– Accesscontrol: to devices,networks,anddatain gen-
eral;�
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– Authenticationfor businesstransactionsasa tool to
preventfraudin: shoppingovertelephone,creditcard
validation,transactionsoverInternet,bankoperations,
etc.

– Law enforcement:penitentiarymonitoring, forensic
applications,etc.

– Help to handicapped.

– Military use:classifiedinformationrequiringspeaker
identification.

Thespeechfor securitypurposecanbeusedwith other
validationdevicessuchasmagneticcardsandpasswords.
In thefuture,moreandmoreapplicationswill includeman
machineiteration:speechoperateddeviceswill control the
soundandtheilluminationof publicenvironmentsandcars,
andvoiceactivatede-mail is expectedto beusedby every-
one.

Speaker verificationis the taskof verifying if a speech
signal(elocution)belongsor not to a certainperson,which
meansa binary decision. The decisionsarecarriedout in
theso-calledspeakersopenset[2] becausetherecognition
is donein an unknown speakers set (possibleimpostors).
As to text dependency, recognitioncanbedependentor in-
dependent.Systemsdemandinga pre-determinedword or
phrasearetext dependent.Suchsystemscanoffer precise
andreliablecomparisonsbetweentwo speechsignalswith
thesametext, in phoneticallysimilar environments,requir-
ing only � to � secondsof speechfor trainingandtesting.In
text independentsystems,suchcomparisonsarenotsoeasy
to beobtained.Theperformancedecreasesascomparedto
text dependency. Moreover, in order to obtain reasonable
statisticsof thesignal,it is, in general,necessaryfrom 	�
 to��
 secondsof speechsignalfor trainingandtesting[3].

In speaker recognition, the GaussianMixture Model
(GMM) canbeseenasahybridbetweentwo effectivemod-
elsusedin speakerrecognition:anunimodalGaussianclas-
sifier and a vectorquantization(VQ) codebook[4]. This
schemecombinesthe robustnessandsmoothingproperties



of theparametricGaussianmodelwith thearbitrarymodel-
ing capabilityof anon-parametricVQ. TheGMM performs
the spatialseparationof acousticclassesandits main dif-
ferencecomparingto VQ concernsthe fact that distances
arenot usedto separateclassesbut probabilitiesfrom a set
of Gaussianprobability density functionspreviously esti-
mated.The GMM canalsobeunderstoodasan only state
HMM (HiddenMarkov Model) [5], having asobservations
mixturesof GaussianPDFs(probabilitydensityfunctions).
Thesecomponentsmaymodelavastphoneticclassto char-
acterizethesoundproducedby aperson[6]. This factjusti-
fiesits usein speaker recognition.

This paperis organizedas follows. In Section2, the
GMM is reviewed.Section3 containsdetailsof thesystem
configurationfollowed by simulationresultsin Section4,
andconclusionsin Section5.

2. THE GAUSSIAN MIXTURE MODEL

A mixture of Gaussianprobability densitiesis a weighted
sumof 
 densities,asdepictedin Fig. 1, andis givenby
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andcovariancematrix G
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Notethattheweightingof themixturessatisfy I �
�
�J� �

� �	 . ThecompleteGaussianmixturedensityis parameterized
by a vector of means,covariancematrix, and a weighted
mixture of all componentdensities( � model). Thesepa-
rametersarejointly representedby thefollowing notation.
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The GMM canhave different forms dependingon the
choice of the covariancematrix. The model can have a
covariancematrix per Gaussiancomponentasindicatedin
(3) (nodalcovariance),a covariancematrix for all Gaussian
componentsfor a given model(grandcovariance),or only
onecovariancematrix sharedby all models(globalcovari-
ance).A covariancematrix canalsobecompleteor diago-
nal [2].

SinceGaussiancomponentsjointly acttomodeltheprob-
ability densityfunction, the completecovariancematrix is
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Fig. 1. M probabilitydensitiesforminga GMM.

usuallynot necessary. Evenbeingtheinput vectorsnot sta-
tistically independent,the linearcombinationof thediago-
nal covariancematricesin the GMM is able to model the
correlationbetweenthegivenvectors.Theeffectof usinga
setof 
 completecovariancematricescanbe equallyob-
tainedby usinga largersetof diagonalcovariancematrices
[6].

Forasetof trainingdata,theestimationof themaximum
likelihoodis necessary. In otherwords,this estimationtries
to find the modelparametersthat maximizethe likelihood
of theGMM, Thealgorithmpresentedin [4] is widely used
for this task. For a sequenceof independentQ vectorsfor
training R �SLT�� � '�()(*()' ��VU

O
, the likelihoodof the GMM is

givenby

�J� R � ���/� UW
X ��� �J���� X � �V� (4)

Thelikelihoodfor modelinga truespeaker(model� ) is
directly calculatedthrough

Y)Z,[ �J� R � ���/� 	Q
U�
X ��� Y*Z�[ ������ X � ��� (5)

Thescalefactor
�U is usedin orderto normalizethelike-

lihoodaccordingto thedurationof theelocution(numberof
featurevectors).The last equationcorrespondsto the nor-
malizedlogarithmic likelihoodwhich is the � model’s re-
sponse.

Thespeaker verificationsystemrequiresa binarydeci-
sion,acceptingor rejectinga pretensespeaker. Sucha sys-
temis representedin Fig. 2

Thesystemusestwo modelswhich providethenormal-
ized logarithmic likelihood with input vectors �� � '-(*()(*' ���U ,
one from the pretensespeaker and anotherone trying to
minimize the variationsnot relatedto the speaker (back-
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Fig. 2. SpeakerverificationsystemusingGMM.

ground model), providing a more stabledecisionthresh-
old [2]. If thesystemoutputvalue(differencebetweenthe
two likelihood)ishigherthanagiventhresholda thespeaker
is accepted;otherwiseit is rejected.Thebackgroundis built
with a hypotheticalsetof falsespeakersandmodeledvia
GMM (universalbackgroundmodel[7]). The thresholdis
calculatedon thebasisof experimentalresults.

3. SYSTEM CONFIGURATION

This sectiondetailsthe speaker verificationsystemimple-
mentedin our experiments. We have used �,b speakers,�c� malesand 	�� females,from which d males(M) andd females(F) wereselectedexclusively to form the back-
groundand,therefore,did not participatein thetests.Each
speakerread�c
,
 phrases,in BrazilianPortuguese,extracted
from [8]. Wehaveused	 d mel-cepstrumcoefficients[9] —
except in oneexperimentwhere 	�� coefficientswereused
in orderto evaluatethe performanceof a lower numberof
features— andthesilencebetweenwordswereeliminated.
Thenumberof Gaussianswere �,� , 	�b , and e . Wehaveusedb�
 , �,
 , and 	�
gf of speechsignalfor trainingand �,
 , 	�
 , and�,f for testing. Eachbackgroundspeaker contributedwithb secondsof speech(without silence). The settingof the
decisionthresholdwasestablishedin orderto equallymini-
mizetheerrorratebetweenfalseacceptance– FA (to accept
someonewhichdoesnotcorrespondto thetruespeaker)and
falserejection– FR (to rejectsomeonewhich corresponds
to thetruespeaker). This procedureresultedin anequaler-
ror rate(EER) [2] which in our caseis assumedto be the
meanbetweenthetwo errors.

4. SIMULATION RESULTS

In the first experimentevaluatedthe role of the numberof
mel-cepstrumcoefficients(MCC) from 	 d to 	�� — areduc-
tion of � coefficients — usinga �,� GaussiansGMM andb�
 secondsof training. The resultscanbe seenin Table1
for ��
 , 	�
 , and � secondsof testing. In this section,all the
results(errorrates)aregivenin %.

We note that the performanceof the MCC15 is supe-
rior to theMCC12for ��
 and � secondsof testing.For the

Table 1. Performanceof theGMM with a reductionin the
dimensionof thefeaturevector.

Test
MCC15 MCC12

FR FA ERR FR FA ERR
30s 0 0 0 0 0.38 0.19
10s 0.38 0.51 0.44 0.26 0.51 0.38
3s 1.19 1.58 1.38 2.19 1.42 1.80

caseof 	�
gf , MCC12wasslightly superior. Theseresultsin-
dicatethat the � additionalcoefficientsusedin theMCC15
hold informationaboutthespeakerwhichshouldnotbedis-
regarded.In view of resultsobtainedso far, the following
testswerecarriedout with MCC15.

The resultsfor b,
,f of training varying the numberof
Gaussianscanbeseenin Table2.

Table 2. Variationof the numberof Gaussianwith 60sof
training.

Test
32G 16G 8 G

FR FA ERR FR FA ERR FR FA ERR
30s 0 0 0 0.77 0.38 0.57 2.38 0.38 1.35
10s 0.38 0.51 0.44 0.38 0.77 0.57 1.92 1.67 1.79
3s 1.19 1.58 1.38 1.65 2.23 1.94 3.54 3.62 3.58

We canobserve thatwith �g� Gaussiansand �,
,f of test
speech,the systemprovidesan excellentresult. Reducing
thetime for testingor thenumberof Gaussianswill causea
decreasein thesystemperformance.Of course,thereexists
a tradeoff betweenthe amountof time for testingandthe
numberof Gaussians.For instance,when �,� Gaussiansand�,f of testareused,theERRperformanceis comparableto
a systememploying e Gaussiansand ��
gf of testing.

The resultsfor �,
,f of training varying the numberof
Gaussianscanbeseenin Table3.

Table 3. Variationof the numberof Gaussianwith 30sof
training.

Test
32G 16G 8 G

FR FA ERR FR FA ERR FR FA ERR
30s 0.38 1.92 1.15 3.08 2.69 2.88 5.38 4.62 5.00
10s 1.41 1.54 1.47 3.21 3.46 3.33 6.15 4.49 5.32
3s 2.50 3.50 3.00 2.88 5.92 4.40 6.42 6.88 6.65

Again, largernumberof Gaussiansandamountof time
usedfor testingimprove the systemperformance.In this
case,thedecreasein thenumberof Gaussianssignificantly
reducesthe performance.Note that, independentlyof the
timefor testing,thesystemwith e Gaussiansdoesnotachieve
theperformanceof theotherones.

The resultsfor 	�
,f of training varying the numberof
Gaussianscanbeseenin Table4.

In Table4, weseethatwhenthereis notenoughamount
of informationfor training,neitherthenumberof Gaussians
nor thetimeof testingcompensatefor this lackof statistics.



Table 4. Variationof the numberof Gaussianwith 10sof
training.

Test
32G 16G 8 G

FR FA ERR FR FA ERR FR FA ERR
10s 4.10 4.74 4.42 4.49 5.26 4.87 3.59 5.90 4.74
3s 6.15 7.62 6.88 6.00 7.73 6.86 7.15 7.19 7.17

Throughoutthe analysisof the resultspresentedhere,
we can clearly note that the numberof Gaussianshas a
stronginfluencein theperformance.Thehigherthisnumber
the betterthe modelingobtainedby the GMM and, there-
fore, the better the resultswill be. The amountof time
for trainingandfor testingalsohave a stronginfluencefor
thelargerthey arethemorestatisticsthey areoffering and,
consequently, themoreprecisethemodelingcarriedout by
theGMM will be. Whenthestatisticsprovidedto train the
GMM is poor, thenumberof Gaussiansdoesnot influence
the responsebecausethere is no data for a more precise
modeling,ascanbeobservedin Table4.

5. CONCLUSIONS

This paperprovideda performanceevaluationof themodel
parametersusedin a text independentBrazilianPortuguese
speaker verificationsystemusingGMM. Suchparameters
werethe numberof Gaussiandensitiesandthe amountof
time usedin training and testing. Simulationswere car-
ried out with a reducedcorpusandthe resultshave shown
the efficiency of the method(equalerror rate - EER - ba-
sically equalto 
gh ) for cleanspeechwith a minimum of�,� Gaussians,b�
 secondsof training, and ��
 secondsof
testingspeechsignals. Moreover, it wasobserved that for
small time of trainingspeech,e.g. 	�
 seconds,thenumber
of Gaussianswasnot very important. It wasverified that
whenthe training time is long (60s),a smallernumberof
Gaussianswith a larger testingtime yields a performance
comparableto asystemusinga largernumberof Gaussians
with shortertestingtime.

Themainpurposeof this work wasa basicintroduction
to efficient text independentspeaker verificationthat shall
beusedasa first stepto a morein depthinvestigationcon-
cerningthe improvementof this techniquein order to in-
creasethe robustnessof the recognitionsystemfor harder
andrealisticconditionssuchassmallamountof speechand
degradationby channelandadditivenoise.
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