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Abstract

In forensicspealkr recognition the strengthof evidenceis
estimatedusingthelikelihoodratio, which is therelative prob-
ability of observingthe evidence giventhe hypothesighatthe
suspects the sourceof the questionedecordingandthe hy-
pothesisthat aryone elsein a relevant potential populationis
its source.In orderto calculatethelikelihoodratio we usetwo
approachespne,directly usingthelik elihoodsreturnedby the
GaussianMixture Models (GMMs), and the other by model-
ing the distributions of theselikelihood scoresandthenderiv-
ing thelikelihoodratio on the basisof thesescoredistributions.
The former approachs usedimplicitly in spealer veri cation
systemsalthoughin forensicspeakr recognition,the latteris
preferredasit doesnotdependon theautomaticspealer recog-
nition techniqueused.However, boththesemethodshave their
adwantagesinddisadwantagesin this paper we proposestatis-
tical representations orderto evaluatethestrengttof evidence
in eachof thesetwo methods.

1. Intr oduction

The forensicexpert's role is to testify to the worth of the evi-
denceby using,if possibleaquantitatve measuref this worth.
Consequentlyforensicautomaticspealkr recognitionmethods
shouldprovide a statistical-probabilistievaluation, which at-
temptsto give the courtanindicationof the strengthof the evi-
dencegiventhevariability of speech.

At the heartof the forensicautomaticspealker recognition
systemis the creationof a statisticalmodelfor the featuresof
eachspeakr, testingthe featuresof other utterancesagainst
this modelandobtainingthelik elihoodthatthis utterancecould
have comefrom this speakr. Parameterizatiotechniquesuch
as Mel Frequeng CepstralCoefcients (MFCC), Perceptual
LinearPrediction(PLP), Relatve SpectralTransform- Percep-
tual LinearPrediction(RASTA-PLP)[1] arecommonlyusedin
orderto extract featuresfrom speech. Statisticalmodelssuch
asGaussiarMixture Models(GMMs) areusedto estimatethe
probabilitydensityfunctionof thedistribution of featuresof the
speakr. GMM is a usefulmethodto estimatethe probability
distribution for multivariateaswell asunivariatedata.

The calculationof probability densitiesof the speechfea-
turesis dealtwith at two levels; one, at the multidimensional
featurespacewherethe likelihoodsof the multivariatefeature
vectorsare estimatedaswell asin the univariatelevel where
thelikelihoodscoreqderived in the multivariatelevel) for dif-
ferenthypothesesre modeled. A speakr recognitionsystem
returnsthe likelihood of whethera given utterancecamefrom
the model createdfor the speakr. Becauseof this, we have
two differentapproachesor calculatinglikelihoodratios. The
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rst methodtakesthelik elihoodvaluesreturnedby the system,
anddirectly usesghemto evaluatethelik elihoodratio. Thesec-

ondmethoddetermineshelik elihoodratiousingtheprobability

distributionsof thesdik elihoodscoresIn this papemwe present
thesetwo approacheanddiscusghe evaluationof the strength
of evidencewith respecto eachof them.We discussstatistical
representationthatcanbeusedin orderto evaluatethe strength
of evidenceandthereliability of theresults.

2. Methodsfor estimating lik elihood ratio

The oddsform of Bayestheorem(Eq. 1) shavs how new data
(questionedecording)canbe combinedwith prior background
knowledge(prior odds)to give posterioroddsfor judicial out-

comesor issues.It allows for revision basedon new informa-

tion of ameasuref uncertaintylik elihoodratio of theevidence
(' )) whichis appliedto the pair of competinghypotheses:

- the suspectedpeakr is the sourceof the questionedecord-
ing, - the speakr at the origin of the questionedecording
is not the suspectedpealer. The prior and posterioroddsare

the province of the courtandonly the likelihoodratio( ) is

thethe province of the forensicexpert.

@)

In this sectionwe presentwo methodgshatthe forensicexpert
canusein speakrrecognitionin orderto estimatethelik elihood
ratio: scoringmethodanddirectmethod.

2.1. ScoringMethod

In the scoringmethodthe is de ned asthe relative prob-
ability of observinga score in thedistribution of scoresthat
representhevariability of thesuspecs speectandthedistribu-
tion of scoreghatrepresenthevariability of the potentialpop-
ulationspeectwith respecto the questionedecording(trace).
The Bayesianmethodologyrequires,in addition to the
trace,the useof threedatabasesa suspectreferencedatabase
(), asuspectontrol databas¢ ) anda potentialpopulation
databasd ). Whenthe performanceof the systemis being
evaluatedjt is alsonecessaryo usea databasef traces ).

The  databasecontainsan exhaustve coverage of
recordingof all possiblevoicessatisfyingthe hypothe-
sis: anyone chosen at random from a relevant population
could be the source of the trace. Theserecordingsare
usedto createmodelsto evaluatethe between-sources
variability (inter-variability) of the potentialpopulation
with thetrace.



The databaseontainsrecordingsof the suspecthat
areascloseaspossible(in recordingconditionsandlin-
guistically) to the recordingsof speakrsof andit is
usedto createthe suspecspealker modelasis donewith
modelsof

The databaseonsistof recordingsf thesuspecthat
arevery similar to the traceandis usedto estimatethe
within-sourcevariability (intra-variability) of hisvoice.

A brief summaryof the methodologyproposedin [2] to
calculatealikelihoodratio for a giventraceis asfollows (illus-
tratedin Fig. 1) :

The featuresof trace are comparedwith the statistical
modelsof the suspect(createdusing database ), and
theresultingscoreis the statisticalevidencevalue( ).

The featuresof the trace are comparedwith statistical
modelsof all the speakrs in the potential population
(). Thedistribution of log-likelihood scoresindicates
the between-sourcegariability of the potentialpopula-
tion giventhetrace.

The control databasg ) recordingsof the suspectare
comparedwith the modelscreatedwith  for the sus-
pect, and the distribution of the log-likelihood scores
givesthe suspecs within-sourcevariability.

Thelikelihoodratio (i.e., theratio of supportthattheev-
idence( ), lendsto eachof the hypotheses)s givenby
theratio of theheightsof thewithin-source andbetween-
sources distributionsatthepoint . Thisis illustratedin
Fig. 1 where,for anexampleforensiccasealikelihood
ratio of 9.165is obtainedfor usingthe scor
ing method. The sameexamplecasewill be considered
in thedirectmethod.
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Figurel: lllustrationof the estimationof
method

usingthe scoring

Mathematically

)

where,

(Eq. 2), and (Eq. 3 & 4) arethenumber
of recordingsin the suspecteferencedatabasé¢ ), the
suspectontroldatabas¢ ) andthepotentialpopulation
databasé ) respectiely,

are the featuresof the questionedrecording( ),
arethe featuresof the th recordingin the control
databas¢ ),

is the th statisticalmodel of the suspectcreated
fromthe databasevhichcontains recordingsand
is themodelof the th spealer of the potentialpop-
ulation( ) databaseontaininga total of speakrs),

is the likelihood of observingdistribution of
features givenastatisticalmodel .

Further hypotheses  and
probability densityfunctions:

in Eq. 2, aremodeledusing

@)

(4)

Note: represents likelihoodand represents proba-
bility distribution

In this approachthelikelihoodscoreseturnedby spealer
recognitionsystemare usedasindicesin a Bayesianinterpre-
tation framavork. This methodof estimatinglikelihoodsand
likelihoodratiosis similar to the kind usedin the analysisof
glasswheretherefractve index is usedin orderto calculatethe
likelihoodratio. In the caseof glassanalysis the refractive in-
dex only signi es a particularvaluewhich is a propertyof the
glass,anddoesnot signify ary likelihoodof the pieceof glass
belongingto onetype of glassor the other

2.2. DirectMethod

In thedirectmethodthelik elihoodratiois therelative probabil-
ity of observingthe featuresof thetracein a probability distri-
bution of thefeatureof thesuspecandobservinghesamefea-
turesin the probability distribution modelof ary otherspealer
from a potentialpopulation.The directmethodin the Bayesian
methodologyrequires,in additionto the trace,the useof two
databaseghe suspecteferencedatabas¢ ) andthepotential
populationdatabasé¢ ).

A discussiomf how to calculatethe likelihoodratio for a
giventracein thedirectmethodis asfollows:

Thefeatureof thetracearecomparedvith thestatistical
modelsof thesuspecf{createdisingdatabase ), andthe
resultingscoreis theevidencevalue( ).

Thetraceis comparedwith statisticalmodelsof all the
speakrsin thepotentialpopulation( ). Consideringhe
log-likelihoodscoreasthelog of thelikelihoodthatthe
tracecamefrom the statisticalmodelof the spealer, we
calculatethe likelihood that the trace could have come
from ary spealer of the potentialpopulation.

Mathematicallythe in thedirectmethodis theratio of
the average(geometricmean)likelihood of the featuresin the
traceappearingn the statisticalmodelsof the featuresof the
suspectandthe averagelik elihood of the featuresof the trace
appearingn thestatisticaimodelsof thefeatureof thespealrs
in the potentialpopulation.



()

where
arethefeaturesof thequestionedecording( )

is the th statisticalmodel of the suspectcreated
fromthe databasevhichcontains recordingsand

is the modelof the th speakr of the database
(containingatotal of speakrs).

In the forensiccaseexampleconsideredn Fig.1, a likeli-
hoodratio of 1155is estimatedisingthe directmethod.

2.3. Comparison of the Dir ectand Scoring Methods

The scoring method is a general basis of interpreting the
strengthof evidence,andit is usedin the interpretationof evi-
dencein severaltypesof forensicanalysis.The directmethod,
however, canbe appliedonly in caseswherethe resultsof the
analysisarelik elihoods.

Both methodsareaffectedby mismatchedecordingcondi-
tions of the databasemvolved. In the directmethod,compen-
sationof the mismatchmustbe attempteceitherin the acoustic
featurespaceor in the statisticalmodelingof the features.In
the scoringmethod,statisticalcompensatiorof mismatchcan
be appliedto the scoreausingdatabasem differentconditions
with which the extent of mismatchcanbe estimated3]. The
directmethoddoesnotrequiretheuseof all thethreedatabases
( , , ) usedin the scoringmethod,andreliesonly on
and . It is alsolesscomputationallyintensie thanthescoring
method. We have obsered in our experimentsthat, the range
of the valuesof likelihoodratio haslessvariationin the scor
ing methodthanin thedirectmethod.andamuchhigher  is
obtainedfor thedirectmethodthanfor the scoringmethod.

In forensicsciencesallik elihoodratio of oneis signi cant,
asit impliesthe point at which neitherthe hypothesig ) nor
the hypothesig ) canbe supportednorethanthe other In
thedirectmethod alikelihoodratio equalto one,implies

(6)

andin thescoringmethod thisimplies
)

We canseein the direct method,thatalikelihoodratio of
oneis obtainedwhenthe statisticalmodelsof the suspectand
thepotentialpopulationrepresensimilar voices.An of one
in the scoringmethodwill imply that the score( ) obtained
by comparingthe featuresof the tracewith the model of the
suspects equallyprobablein eachof thedistributionsof scores
correspondingo thehypotheses and

3. Estimating the signi cance of the
strength of evidence

As discussedh the previous section variousautomaticspealer
recognitiontechniquescangive differentlik elihoodratios for
the samecase. Often, this dependsn the algorithmon which
the systemis based. The likelihoodratio is dependenbn the

strengthor weaknessesf the systemat hand. It is important
thus,to know whatthe behaior of the systemgenerallyis, and
to seewhatkind of likelihoodratiosit returns.

The signi cance of the strengthof evidencecanbe evalu-
atedby estimatingandcomparingthe likelihoodratiosthatare
obtainedfor the evidence whenthe hypothesis s true,
i.e., the suspectedspeakr is indeedthe sourceof the ques-
tionedrecordingandwhenthe hypothesis s true, i.e., the
suspectedpealkris notthe sourceof thequestionedaecording.
By creatingcasesvhich correspondo eachof thesehypotheses
andcalculatingthe s obtainedfor eachof them,the perfor
manceandreliability of the spealer recognitionsystemcanbe
evaluated.In thisway, we gettwo distributions;one,for the hy-
pothesis , andtheotherfor thehypothesis . Oncewehave
thesetwo distributions, it is possibleto nd thesigni cance of
a given value of thatwe obtainfor a case with respecto
eachof thesedistributions.

Both these methodswere testedwith several simulated
forensiccasesn orderto analyseand comparethe strengthof
evidence. In orderto testthe methods, 15 male speakrswere
chosenfrom the Polyphonedatabase.For eachof
thesespealers4 tracesof duration12-15secondsvereselected.
The databasevascreatedusing? recordingsof 2-3 minutes
durationfor eachsuspectThe databasewerecreatedusing
32recording®of 10-15seconddor eachof them. Usingthistest
databasef waspossibleto create60 mock casesvhenthe hy-
pothesis istrue,and60 mockcaseswhenthe hypothesis
istrue.Foreachcasethe databas&asasubsebf 100speak-
ersof the SwissFrenchPolyphonedatabaseThe GMM based
automaticsystemused32 Gaussiampdfsto modela spealer.

Theexperimentalresultscanberepresentedsingprobabil-
ity distribution plots suchasthe probability densityfunctions

(Fig. 2) andTippett plots
(Figs. 4 and5). The integrationof probability distribu-
tion, whichcanbeusedto represenhowv mary casesreaboea
givenvalueof likelihoodratiowith respecto eachhypothesiss
calledthe TippettPlot. Thisrepresentatiohasbeenusedin the
interpretationof the resultsof forensicDNA analysis[4]. The
Tippett plot canbe usedto indicateto the court how strongly
a given likelihoodratio canrepresentitherof the hypotheses
or . Thesigni canceprobability which maybethought
of asproviding a measureof compatibility of datawith a hy-
pothesismay be consideredn orderto evaluatethe strengthof
evidence.Thdollowing test[5] canbeused:

8)

)
where , , and arethe meansand
standardleviationscorrespondingo  trueand  truedistri-

butionsand is thelikelihoodratio of the caseconsidered.

The probability , which is derived from the value,is
theprobabilityof observinghelik elihoodratio obtainedor ary
value higher in caseswherethe suspectis the sourceof the
trace. Theseprobabilitiesare similar to the probabilitiesrep-
resentedn the Tippettplot for . The testcalculateghe
signi cance of underthe assumptiorof normality of the
scoresyvhile theTippettplot directlyrepresentthesigni cance
of without makingthis assumption.

For the caseshawvn in Fig. 1, thelikelihoodratiosfor
usingthe direct methodandthe scoringmethod,are 1155and
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Figure3: Probabilitydensityplotof s (directmethod)

9.165respectiely. In Figs. 2 and 3 the probability density
functionsof thescoringmethodanddirectmethod  sarepre-
sented.Thepoints0.475and209,in Figs. 2 and3 representhe
intersectionof the probability distribution functionsof likeli-
hoodratioscorrespondindo trueand  truecases.
values (estimatedin the log domain)for the scoringand the
directmethodare1.1624and1.4716respectiely which corre-
spondo 5.4%and7.08%probabilitiesof observinghesdikeli-
hoodratiosor greaterin casesvherethe hypothesis  istrue.
values(estimatedn the log domain)for the scoringand

the direct methodare-0.3110and-0.6995respectrely, which
correspondo 62.2%and75% probabilitiesof observingthese
likelihoodratiosor greaterin casesvherethe hypothesis is
true. Theseresultsindicatethat for the examplecaseconsid-
ered,both the directmethodandthe scoringmethodestimated

s thataretypically obsered in caseswvherethe suspecis
indeedthe sourceof the trace. The directmethodhasa lower
proportionof casesexceedingthis , for the hypothesis
and thanthescoringmethod.

4. Conclusion

Two approache forensicautomaticspealer recognition,one
directly usingthelik elihoodsreturnedby the GaussiaMixture
Models(GMMs), andthe otherby modelingthe distribution of
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Figure5: TippettPlot (directmethod)

theselikelihood scoresand then deriving the likelihood ratio
on the basisof thesescoredistributions have beenpresented.
Statisticalrepresentationto evaluatethe strengthof evidence
andto comparehetwo methodshave beenpresented.
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