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Abstract— This paper presentsa performance evaluation
of two classification systemsfor text independent spealer
verification: the GaussianMixtur e Model (GMM) and the
AR-Vector Model. For the GMM, 32, 16, and 8 Gaussians
are evaluated. On the other hand, an order 2 model with
the Itakura symmetric distancewasusedfor the AR-Vector.
Both classificationsystemspresentedno errors when train-
ing and testing times were not smaller than 60s and 30s, re-
spectiely. Using 10s asthe testtime, the mostaccurate clas-
sification systemserrors were between0.4 and 3.3%. With
3stest, the errors presentedby the GMM were around 6 to
7% whereasthosefor the AR-Vectorwereabove 10%. How-
ever, the bestresultsusing 10sastesting and training times
wereobtainedwith the AR-Vector, with errorsaround 3.2%.

I. INTRODUCTION

HE recognitionof a humanbeing throughhis voice

is oneof thesimplestformsof automatiaecognition
becausét useshiometriccharacteristicsvhich comefrom
a naturalaction,the speech.Speechpeingpresenevery-
wherefrom telephonenetsto personaktomputersmaybe
the cheapesform to supplya growing needof providing
authenticityandprivagy in theworldwide communication
nets[1].

Researchn the areaof spealer recognitionhassignifi-

cantly grown over the lastfew yearsdueto a vastareaof
applicationswvheretherecognitioncanbeusedsuchas

— Accesscontrol: to devices, networks, anddatain gen-
eral;

— Authenticatiorfor businesgransactionssatool to pre-
ventfraudin: shoppingover telephonegreditcardvalida-
tion, transactiongver Internet,bankoperationsetc.
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— Law enforcementpenitentiarymonitoring,forensicap-
plications,etc.

— Helpto handicapped.

— Military use: classifiedinformation requiring spealer
identification.

Spealer verificationis the taskof verifying if a speech
signal(utterancepelongsor notto acertainpersonwhich
meansa binary decision. The decisionsare carriedout in
theso-calledspeakrsopenset[2] becausgherecognition
is donein anunknavn spealers set(possibleimpostors).
As to text dependeng recognitioncan be dependenbr
independent.Systemsdemandinga predeterminedvord
or phrasearetext dependentSuchsystemscanoffer pre-
ciseandreliablecomparisondetweertwo speectsignals
with the sametext, in phoneticallysimilar ervironments,
requiringonly 2 to 3 secondsof speechfor training and
testing.In text independensystemssuchcomparisongre
not so easyto be obtained.The performancealecreaseas
comparedo text dependenc Moreover, in orderto obtain
reasonablestatisticsof the signal, it is, in generalneces-
saryfrom 10 to 30 secondsof speechsignalfor training
andtesting[3].

In spealkr recognition, the GaussianMixture Model
(GMM) can be seenas a hybrid betweentwo effective
models:aunimodalGaussiartlassifieranda vectorquan-
tization(VQ) codebool4]. Thisschemeombineghero-
bustnesandsmoothingpropertieof theparametridGaus-
sianmodelwith thearbitrarymodelingcapabilityof anon-
parametricvQ. The GMM performsthe spatialseparation
of acousticclassesandits main differencecomparingto
VQ concernghefactthatdistancesrenotusedo separate
classedout probabilitiesfrom a setof Gaussiarprobabil-
ity densityfunctionspreviously estimatedThe GMM can
alsobeunderstoodsasinglestateHMM (HiddenMarkov
Model) [5], having as obsenationsmixturesof Gaussian
PDFs(probability densityfunctions). Thesecomponents
may modelavastphoneticclassto characterizeéhe sound
producedby a person[6]. This fact justifiesits usein
speakr recognition.

TheAR-Vector—AR from Auto-Rgressive—is amodel
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capableof capturinginformation aboutthe dynamicsof

the speechfor a given speakr which is interpretedasthe
speakr articulatorycapacityor, in otherwords,thewayhe
speaksastime goesby [7]. Thisis anextensionof amodel
widely known in speechprocessingthe Linear Prediction
Coeficients(LPC). Whilst LPC is basedon the linearre-

gressioroverscalarsAR-Vectoris basedntheregression
over featurevectors. In speakr recognitionapplications,
the AR-Vectorusesa distancemeasurean orderto com-
paretwo models. For this measurethe so-calleditakura
distancg8] is usuallyemployed.

This paperis organizedas follows. In Section2, the
GMM is reviewed. The AR-Vectoris describedin Sec-
tion 3. Section4 containsdetailsof the systemconfigura-
tion andis followed by simulationresultsin Sections, and
conclusionsn Section6.

Il. THE GAUSSIAN MIXTURE MODEL

A mixture of Gaussianprobability densitiesis a
weightedsumof M densitiesandis givenby

sz i

whereZ is a randomvector of dimensionD, b;(Z), i
1,..., M, arethedensitycomponentsandp;,: = 1, ..., M,
arethe mixturesweights. Eachcomponentensityis a D
variateGaussiarfunction of theform

o(— @) K (5-i))
D
(2m) 2 V/IKj]

with meanvector ji; andcovariancematrix K;.

Note that the weighting of the mixtures satisfies
¥M p; = 1. ThecompleteGaussiamixturedensityis pa-
rameterizedy a vectorof meanscovariancematrix, and
aweightedmixture of all componentlensities\ model).
Theseparameterarejointly representethy the following
notation:

p(Z|A) = 1)

bi(#) = (2)

A= {ps, ili, Ki} (3)

The GMM can have differentforms dependingon the
choiceof the covariancematrix. The modelcanhave a
covariancematrix per Gaussiartomponenasindicatedin
(3) (nodalcovariance),a covariancematrix for all Gaus-
siancomponentdor a given model(grandcovariance),or
only one covariancematrix sharedby all models(global
covariance).A covariancematrix canalsobe completeor
diagonal[2].

i=1,..,M.

p(X[A)

For a setof training data, the estimationof the maxi-
mum likelihoodis necessaryln otherwords,this estima-
tion tries to find the model parametershat maximizethe
likelihoodof the GMM, Thealgorithmpresentedn [4] is
widely usedfor thistask.Forasequencef T independent
training vectors X = {#i,...,Zr}, thelikelihood of the
GMM is givenby

T

= Hp(a'c’t|)\)

t=1

(4)

Thelikelihoodfor modelingatrue spealker (model}) is
directly calculatedhrough

Zlogp Ti|A)

Thescalefactor 1. is usedn orderto normalizethelike-
lihood accordingto the durationof the utterancgnumber
of featurevectors). The last equationcorrespondgo the
normalizedogarithmiclikelihoodwhich is the A models
response.

The spealer verificationsystemrequiresa binary deci-
sion,acceptingor rejectinga pretensepealker. Suchasys-
temis representeth Fig. 1

log p(X|A) = (5)

Pretense Speaker
Model

AX) > 0 Accept

AKX < O Reject

Background Model

Fig. 1. Spealer verificationsystemusingGMM.

Thesystemuseswo modelswhich provide thenormal-
ized logarithmiclikelihood with input vectors#y, ..., Zr,
onefrom the pretensespeakr and anotheronetrying to
minimize the variationsnot relatedto the spealer (back-
ground model), providing a more stabledecisionthresh-
old [2]. If the systemoutputvalue (differencebetween
the two likelihood)is higherthana giventhresholdd the
speakr is accepted;otherwiseit is rejected. The back-
groundis built with a hypotheticalset of false spealkrs
andmodeledvia GMM (universalbackgroundnodel[9]).
The thresholdis calculatedon the basisof experimental
results.

Thebasicideabehindlinear predictionis thata speech
samplecan be approximatedby a linear combinationof

AR-VECTOR
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p pastsamples.LPC is calculatedfrom the samplesof a
numericalsequencépiecesof speech).The AR-Vectoris
actuallyanextensionof theLPCin thesenseéhatit carries
out a predictionamongvectors(not samples) modeling
thetime evolving of thevectors.

Theorderp AR-Vectormodelfor asequencef N vec-
torsof dimensionm, in time domain,is givenby:

p
Xn = ZAanfk + En
k=1

(6)

where X,, and E,, are m dimensionvectors, with F
representingthe linear prediction error, and A; being
the m x m prediction matrix. The set of prediction
matricescan be representedy a m x (p + 1) matrix
A = [AO A; A, Ap], with Ay =1 (identity
matrix).

FromvectorsX,,, we candefinean estimateof the au-
tocorrelatiormatrix:

Nk
Rp=> X, XTI,

n=0

()

whereN is thenumberof vectorsX. Notethat Ry, results
in am x m matrix.

A;, areobtainedby solving the following setof equa-
tions.

Ry R’ R, A R
R Ro Ryo || 4| | R

(8)

From the previous equation,if we definethe Toeplitz
autocorrelatiormatrix asR, the coeficient matrix as A,
andtheautocorrelatiomatrix on theright-handsideasR,
we have:

RA=R = A=R"IR )

OnceR is aToeplitzmatrix,awell known computation-
ally efficient algorithm (the Levinson-Durbinrecursion)
canbeusedto solve the setof equationg10].

The utilization of the AR-Vectorin spealer recognition
requiresheuseof somemeasurdo evaluatethe similarity
betweentwo autorgressie models. A widely useddis-
tancemeasurds the Itakuradistance[8] which provides
thedistancebetweertwo all-polesLPC’s basednthelin-
earpredictioncoeficientsandon the autocorrelatioma-
trix.

The useof the Itakura distancewith the AR-Vectoris
presentedn [7]. Assuminga storedmodel A previously
estimatedrom agivenspeakrandamodelB from apre-
tensespealkr, threedistancemeasurebetweenhesetwo
modelaredefinedfor their respectre autocorrelatiorma-
trices. Thesemeasuresre:

1. Distancefrom B to A:

[ARAT]

B,A) =1 S 1
d( ) ) Og(tr _BRBBT | ) ( O)
2. Distancefrom A to B:

[BRABT]
d(A., B) = log(tr -m- ) (11)
3. SymmetricDistance:
1
dgim = i(d(B,A) +d(A,B)) (12)

The spealkr verification systemprovides a binary out-
put, acceptancer rejectionof a pretensespealkr. Hence,
anestimationof athresholdd, basedon true andfalseut-
terancesis required. This thresholdis estimatedwith the
true distancesi.e., the two modelsundercomparisorare
from the sameperson,andwith the falsedistancegyiven
by thepretensepeakr modelcomparedo the othermod-
elsnotbelongingto him.

From thesedistancesthe thresholdis estimatedaking
into accountfalseacceptancerrorsandfalserejectioner
rors.Whenaspeakris to beanalyzedhewill beaccepted
if theresultingdistances lowerthanthethreshold Hewill
berejectedotherwise.Fig. 2 presentshe AR-Vectorveri-
ficationsystem.

Pretense Speaker
A

) 4

Itakura Distance — d
A
d <0 Accept
Verification .
Speaker d > 8 Reject
B

Fig. 2. AR-VectorSpealer VerificationSystem.

The autorgressve model producesa smoothedmnodel
of the evolving features,capturinginformation from the
dynamicsof thespealker.
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IV. SYSTEM CONFIGURATION

This sectiondetailsthe spealkr verificationsystemim-
plementedn our experiments We have used36 spealers,
23 malesand 13 females,from which 5 males(M) and
5 females(F) wereselectedexclusively to form the back-
groundand,thereforedid not participaten thetests.Each
spealer uttered200 sentencesn BrazilianPortuguesesx-
tractedfrom [11]. We have used15 Mel-cepstrumcoef-
ficients[12], with 20ms windows and 50% overlapping.
The silencebetweenwords were eliminated. The num-
berof Gaussiansvere32, 16, and8. In the order2 AR-
Vector we have usedthe symmetricltakuradistancebe-
causeprevious experimentshave shawn its betterperfor
mancefor this configuration. We have used60, 30, and
10s of speeclsignalfor trainingand30, 10, and3s for test-
ing. Eachbackgroundspealer contritutedwith 6 seconds
of speech(without silence). The settingof the decision
thresholdwvasestablishedh orderto equallyminimizethe
errorratebetweerfalseacceptance—# (to acceptsome-
onewhich doesnot correspondo thetrue speakr)—and
falserejection—FR(to rejectsomeoneavhich corresponds
to the true spealkr). This procedureresultedin an equal
errorrate(EER) measurd?2].

V. SIMULATION RESULTS

The resultsobtainedwith the GMM, varying the num-
ber of Gaussiansare comparedwith the resultsobtained
with theorder2 AR-Vector usingsymmetricaltakuradis-
tance.Thereasorfor this choiceis dueto the factthatwe
have run experimentswith orders2 to 5 andobtainedsim-
ilar results;order2 waschoserfor its lower computational
compleity.

TABLE |
PERFORMANCE RESULTS, GMM x AR-VECTOR, FOR 60s
OF TRAINING.

System testsresults(%)
30s | 10s 3s
EER | EER | EER
GMM - 32G 0 0.44 | 1.38
GMM -16G | 0.50 | 0.53 | 2.03
GMM-8G | 1.34| 192 | 3.59
AR-Vector 0 1.22 | 10.00

The resultswith 60s of training are shavn in Tablel.
Fromthis tablewe seethat, for 30s test,the AR-Vectors
resultsweresuperiorthanthe GMM’ s resultswith 16 and
8 GaussiansFor 10s test,neverthelessthe AR-Vectorre-
sultedsuperiomwith respecbnly to the8 Gaussian&MM.

In this case the AR-Vectoryieldsan EER morethandou-
ble of the one obtainedwith the GMM using 32 and 16
GaussiansFinally, with 3s test,the AR-Vectorpresented
aresultmuchworserthanthe GMM.

Tablell presentsheresultsfor a30s trainingtime.

TABLE 1l
PERFORMANCE RESULTS, GMM x AR-VECTOR, FOR 30s
OF TRAINING.

System testsresults(% )
30s | 10s 3s
EER | EER | EER
GMM -32G | 1.53 | 1.54 | 3.08
GMM -16G | 3.08 | 3.30 | 4.85
GMM-8G | 4.60 | 5.30 | 6.80
AR-Vector 0 1.60 | 10.25

In Tablell the AR-Vectorovercamethe GMM for 30s
test, presentingno errors. With 10s test,the AR-Vector
presentedsuperiorresultsthan the 16 and 8 Gaussians
GMM, andis closeto the resultsof the GMM with 32
GaussiansWith 3s test,the AR-Vector presentecerrors
around10% againsthe 3% to 7% of the GMM.

In Tablelll we find the resultsfor the lower training
time, correspondingo theworsterrorsof theclassification
systems.

TABLE 11l
PERFORMANCE RESULTS, GMM x AR-VECTOR, FOR 10s
OF TRAINING.
System testsresults(% )
10s 3s
EER EER
GMM -32G | 4.57 7.25
GMM -16G | 4.87 7.00
GMM-8G | 5.25 7.17
AR-Vector 3.2 11.85

Whenthetrainingtimeis 10s, the GMM—independently
of thenumberof Gaussians—yieldsesultswhich arevery
closeto eachother The AR-Vectorachieved betterresults
only for the 10s testcase(errors1 to 2% lower).

Throughoutthe analysisof the resultspresentechere,
we can clearly note that the numberof Gaussian$asa
stronginfluencein the performanceThe higherthis num-
ber the betterthe modeling obtainedby the GMM and,
therefore,the betterthe resultswill be. The amountof
time for training andfor testingalso have a stronginflu-
ence. Thelarger they are,the more statisticsthey areof-
fering and, consequentlythe more precisethe modeling
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carriedoutby the GMM andAR-Vectorwill be. Whenthe
statisticgprovidedto trainthe GMM is poor, thenumberof
Gaussiangloesnotinfluencetheresponsdecausehereis
no datafor amoreprecisemodeling,ascanbeobseredin
Table3. The sameis valid for the AR-Vectorwhichis not
ableto offer anadequatenodelingwhenonly 3s of datais
availablefor testing.

V1. CONCLUSIONS

This papercomparedthe performancesf the GMM
versusthe AR-Vectormodelsfor text independenspealer
verification. Theresultshave shavn the efficiency of both
schemedor differenttimesof trainingandtestingaswell
asfor differentnumberof Gaussiansn the GMM. Based
ontheresultsavailablein this paperwe canconcludethat:
» Thebestperformancéno errors)with thelower compu-
tationalcompl«ity wasobtainedby the AR-Vectorproce-
durewith 30s for trainingandtesting.

« The bestperformanceor the lowesttestingtimes (10
and 3s) wasobtainedwith the 32 Gaussian&GMM, with
60 and30s of training,andwith errorsfrom 0.5 to 3%. Yet
for 60s training, the GMM with 16 Gaussiangresente
errorsfrom 0.5 to 2%, overcomingthe AR-Vector

» The bestperformancewith the lowesttime of training
andtestcorrespondetb the AR-Vectorwith 10s training
andtesting—witherrorsaround3.2%.
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