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Abstract

In forensicspeaker recognition,thestrengthof evidenceis
estimatedusingthelikelihoodratio, which is therelative prob-
ability of observingtheevidence,giventhehypothesisthat the
suspectis the sourceof the questionedrecordingand the hy-
pothesisthat anyone elsein a relevant potentialpopulationis
its source.In orderto calculatethelikelihoodratio we usetwo
approaches;one,directly usingthe likelihoodsreturnedby the
GaussianMixture Models (GMMs), and the other by model-
ing the distributionsof theselikelihoodscoresandthenderiv-
ing thelikelihoodratio on thebasisof thesescoredistributions.
The former approachis usedimplicitly in speaker veri�cation
systems,althoughin forensicspeaker recognition,the latter is
preferredasit doesnotdependon theautomaticspeaker recog-
nition techniqueused.However, boththesemethodshave their
advantagesanddisadvantages.In this paper, we proposestatis-
tical representationsin orderto evaluatethestrengthof evidence
in eachof thesetwo methods.

1. Intr oduction
The forensicexpert's role is to testify to the worth of the evi-
denceby using,if possibleaquantitativemeasureof thisworth.
Consequently, forensicautomaticspeaker recognitionmethods
shouldprovide a statistical-probabilisticevaluation,which at-
temptsto give thecourtanindicationof thestrengthof theevi-
dencegiventhevariability of speech.

At the heartof the forensicautomaticspeaker recognition
systemis the creationof a statisticalmodelfor the featuresof
eachspeaker, testing the featuresof other utterancesagainst
thismodelandobtainingthelikelihoodthatthisutterancecould
have comefrom this speaker. Parameterizationtechniquessuch
as Mel Frequency CepstralCoef�cients (MFCC), Perceptual
LinearPrediction(PLP),Relative SpectralTransform- Percep-
tualLinearPrediction(RASTA-PLP)[1] arecommonlyusedin
order to extract featuresfrom speech.Statisticalmodelssuch
asGaussianMixture Models(GMMs) areusedto estimatethe
probabilitydensityfunctionof thedistributionof featuresof the
speaker. 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
vectorsareestimated,aswell as in the univariatelevel where
the likelihoodscores(derived in themultivariatelevel) for dif-
ferenthypothesesaremodeled.A speaker recognitionsystem
returnsthe likelihoodof whethera given utterancecamefrom
the model createdfor the speaker. Becauseof this, we have
two differentapproachesfor calculatinglikelihoodratios. The

�rst methodtakesthelikelihoodvaluesreturnedby thesystem,
anddirectlyusesthemto evaluatethelikelihoodratio. Thesec-
ondmethoddeterminesthelikelihoodratiousingtheprobability
distributionsof theselikelihoodscores.In thispaperwepresent
thesetwo approachesanddiscusstheevaluationof thestrength
of evidencewith respectto eachof them.We discussstatistical
representationsthatcanbeusedin orderto evaluatethestrength
of evidenceandthereliability of theresults.

2. Methods for estimating lik elihood ratio
Theoddsform of Bayestheorem(Eq. 1) shows how new data
(questionedrecording)canbecombinedwith prior background
knowledge(prior odds)to give posterioroddsfor judicial out-
comesor issues.It allows for revision basedon new informa-
tion of ameasureof uncertainty(likelihoodratioof theevidence
(

�

)) which is appliedto thepair of competinghypotheses:���
- thesuspectedspeaker is thesourceof thequestionedrecord-
ing, ��� - thespeaker at theorigin of thequestionedrecording
is not the suspectedspeaker. The prior andposterioroddsare
theprovince of thecourtandonly the likelihoodratio ( ��� ) is
thetheprovinceof theforensicexpert.
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In this sectionwe presenttwo methodsthat theforensicexpert
canusein speakerrecognitionin ordertoestimatethelikelihood
ratio: scoringmethodanddirectmethod.

2.1. Scoring Method

In the scoringmethodthe ��� is de�ned as the relative prob-
ability of observinga score

�

in thedistribution of scoresthat
representthevariability of thesuspect'sspeechandthedistribu-
tion of scoresthatrepresentthevariability of thepotentialpop-
ulationspeechwith respectto thequestionedrecording(trace).

The Bayesianmethodologyrequires, in addition to the
trace,the useof threedatabases:a suspectreferencedatabase
( � ), a suspectcontrol database( � ) anda potentialpopulation
database( � ). When the performanceof the systemis being
evaluated,it is alsonecessaryto usea databaseof traces
�� ) .

� The � databasecontains an exhaustive coverage of
recordingsof all possiblevoicessatisfyingthehypothe-
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 � databasecontainsrecordingsof the suspectthat
areascloseaspossible(in recordingconditionsandlin-
guistically) to the recordingsof speakersof � andit is
usedto createthesuspectspeaker modelasis donewith
modelsof � .

� The � databaseconsistsof recordingsof thesuspectthat
arevery similar to the traceandis usedto estimatethe
within-sourcevariability (intra-variability) of hisvoice.

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

� The featuresof traceare comparedwith the statistical
modelsof the suspect(createdusing database� ), and
theresultingscoreis thestatisticalevidencevalue(

�

).
� The featuresof the traceare comparedwith statistical

modelsof all the speakers in the potential population
( � ). The distribution of log-likelihoodscoresindicates
the between-sourcesvariability of the potentialpopula-
tion giventhetrace.

� The control database( � ) recordingsof the suspectare
comparedwith the modelscreatedwith � for the sus-
pect, and the distribution of the log-likelihood scores
givesthesuspect's within-sourcevariability.

� Thelikelihoodratio (i.e., theratioof supportthattheev-
idence(

�

), lendsto eachof thehypotheses),is givenby
theratioof theheightsof thewithin-source andbetween-
sources distributionsat thepoint

�

. This is illustratedin
Fig. 1 where,for anexampleforensiccase,a likelihood
ratio of 9.165is obtainedfor

�

���! �#" usingthescor-
ing method.Thesameexamplecasewill beconsidered
in thedirectmethod.
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Figure1: Illustrationof theestimationof �$� usingthescoring
method
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where,

�

F 7 (Eq. 2) , FGH and F�I (Eq. 3 & 4) arethenumber
of recordingsin thesuspectreferencedatabase( � ), the
suspectcontroldatabase( � ) andthepotentialpopulation
database( � ) respectively,

� 3�5 are the featuresof the questionedrecording( � ),
3

H 9 arethe featuresof the
?

th recordingin the control
database( � ),

�

6 7 9 is the
?

th statisticalmodel of the suspectcreated
from the � databasewhichcontainsF 7 recordings,and

6

I#J is themodelof the K th speaker of thepotentialpop-
ulation( � ) databasecontaininga totalof F�I speakers),

�

�
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�

is the likelihood of observingdistribution of
features3 givena statisticalmodel 6 .

Further, hypotheses� � and ��� in Eq. 2, aremodeledusing
probabilitydensityfunctions:
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Note: 	 representsa likelihoodand � representsa proba-
bility distribution

In this approach,thelikelihoodscoresreturnedby speaker
recognitionsystemareusedasindicesin a Bayesianinterpre-
tation framework. This methodof estimatinglikelihoodsand
likelihood ratios is similar to the kind usedin the analysisof
glasswheretherefractive index is usedin orderto calculatethe
likelihoodratio. In thecaseof glassanalysis,therefractive in-
dex only signi�es a particularvaluewhich is a propertyof the
glass,anddoesnot signify any likelihoodof thepieceof glass
belongingto onetypeof glassor theother.

2.2. Dir ectMethod

In thedirectmethod,thelikelihoodratio is therelativeprobabil-
ity of observingthe featuresof thetracein a probabilitydistri-
butionof thefeaturesof thesuspectandobservingthesamefea-
turesin theprobabilitydistribution modelof any otherspeaker
from a potentialpopulation.Thedirectmethodin theBayesian
methodologyrequires,in additionto the trace,the useof two
databases:thesuspectreferencedatabase( � ) andthepotential
populationdatabase( � ).

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

� Thefeaturesof thetracearecomparedwith thestatistical
modelsof thesuspect(createdusingdatabase� ), andthe
resultingscoreis theevidencevalue(

�

).
� The traceis comparedwith statisticalmodelsof all the

speakersin thepotentialpopulation( � ). Consideringthe
log-likelihoodscoreasthelog of the likelihoodthat the
tracecamefrom thestatisticalmodelof thespeaker, we
calculatethe likelihood that the tracecould have come
from any speaker of thepotentialpopulation.

Mathematically, the ��� in thedirectmethodis theratio of
the average(geometricmean)likelihoodof the featuresin the
traceappearingin the statisticalmodelsof the featuresof the
suspectandthe averagelikelihoodof the featuresof the trace
appearingin thestatisticalmodelsof thefeaturesof thespeakers
in thepotentialpopulation.
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where
� 3�5 arethefeaturesof thequestionedrecording( � )
�

6 7 9 is the
?

th statisticalmodel of the suspectcreated
from the � databasewhichcontainsF 7 recordings,and

6

I2J is the modelof the K th speaker of the � database
(containinga total of F�I speakers).

In the forensiccaseexampleconsideredin Fig.1, a likeli-
hoodratio of 1155is estimatedusingthedirectmethod.

2.3. Comparisonof the Dir ectand ScoringMethods

The scoring method is a general basis of interpreting the
strengthof evidence,andit is usedin the interpretationof evi-
dencein several typesof forensicanalysis.Thedirectmethod,
however, canbe appliedonly in caseswherethe resultsof the
analysisarelikelihoods.

Bothmethodsareaffectedby mismatchedrecordingcondi-
tionsof thedatabasesinvolved. In thedirectmethod,compen-
sationof themismatchmustbeattemptedeitherin theacoustic
featurespaceor in the statisticalmodelingof the features.In
the scoringmethod,statisticalcompensationof mismatchcan
beappliedto thescoresusingdatabasesin differentconditions
with which the extent of mismatchcanbe estimated[3]. The
directmethoddoesnot requiretheuseof all thethreedatabases
( � , � , � ) usedin the scoringmethod,and reliesonly on �

and � . It is alsolesscomputationallyintensive thanthescoring
method. We have observed in our experimentsthat, the range
of the valuesof likelihoodratio haslessvariation in the scor-
ing methodthanin thedirectmethod,andamuchhigher �$� is
obtainedfor thedirectmethodthanfor thescoringmethod.

In forensicsciences,a likelihoodratio of oneis signi�cant,
asit impliesthepoint at which neitherthehypothesis( �

�
) nor

the hypothesis( �]� ) canbe supportedmorethanthe other. In
thedirectmethod,a likelihoodratio equalto one,implies
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andin thescoringmethod,this implies
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We canseein the direct method,that a likelihoodratio of
oneis obtainedwhenthe statisticalmodelsof the suspectand
thepotentialpopulationrepresentsimilarvoices.An �$� of one
in the scoringmethodwill imply that the score(

�

) obtained
by comparingthe featuresof the tracewith the model of the
suspectis equallyprobablein eachof thedistributionsof scores
correspondingto thehypotheses�

�
and ��� .

3. Estimating the signi�cance of the
strength of evidence

As discussedin theprevioussection,variousautomaticspeaker
recognitiontechniques,cangive different likelihoodratiosfor
thesamecase.Often, this dependson thealgorithmon which
the systemis based.The likelihoodratio is dependenton the

strengthsor weaknessesof the systemat hand. It is important
thus,to know whatthebehavior of thesystemgenerallyis, and
to seewhatkind of likelihoodratiosit returns.

The signi�canceof the strengthof evidencecanbe evalu-
atedby estimatingandcomparingthelikelihoodratiosthatare
obtainedfor the evidence

�

when the hypothesis��� is true,
i.e., the suspectedspeaker is indeedthe sourceof the ques-
tionedrecordingandwhenthe hypothesis�]� is true, i.e., the
suspectedspeaker is not thesourceof thequestionedrecording.
By creatingcaseswhichcorrespondto eachof thesehypotheses
andcalculatingthe �$� s obtainedfor eachof them,theperfor-
manceandreliability of thespeaker recognitionsystemcanbe
evaluated.In thisway, wegettwo distributions;one,for thehy-
pothesis� � , andtheotherfor thehypothesis��� . Oncewehave
thesetwo distributions,it is possibleto �nd thesigni�canceof
a given valueof ��� thatwe obtainfor a case,with respectto
eachof thesedistributions.

Both thesemethodswere testedwith several simulated
forensiccasesin orderto analyseandcomparethestrengthof
evidence. In orderto testthemethods,15 malespeakerswere
chosenfrom the ab�dce�gf A Polyphonedatabase.For eachof
thesespeakers4 tracesof duration12-15secondswereselected.
The � databasewascreatedusing7 recordingsof 2-3 minutes
durationfor eachsuspect.The � databaseswerecreatedusing
32recordingsof 10-15secondsfor eachof them.Usingthistest
database,it waspossibleto create60 mockcaseswhenthehy-
pothesis�

�
is true,and60mockcaseswhenthehypothesis���

is true.For eachcase,the � databasewasasubsetof 100speak-
ersof theSwissFrenchPolyphonedatabase.TheGMM based
automaticsystemused32 Gaussianpdfsto modela speaker.

Theexperimentalresultscanberepresentedusingprobabil-
ity distribution plots suchas the probability densityfunctions
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(Fig. 2) andTippett plots �
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(Figs. 4 and5). The integrationof probabilitydistribu-
tion,whichcanbeusedto representhow many casesareabovea
givenvalueof likelihoodratiowith respectto eachhypothesisis
calledtheTippettPlot. This representationhasbeenusedin the
interpretationof theresultsof forensicDNA analysis[4]. The
Tippett plot canbe usedto indicateto the court how strongly
a given likelihoodratio canrepresenteitherof the hypotheses

�
�

or ��� . Thesigni�canceprobability, which maybethought
of asproviding a measureof compatibility of datawith a hy-
pothesismaybeconsideredin orderto evaluatethestrengthof
evidence.Thefollowing i test[5] canbeused:
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where p�qr7:s

l , p�q!7:s

u , t

q!7vs

l and t

qr7:s

u arethemeansand
standarddeviationscorrespondingto ��� trueand �

� truedistri-
butionsand �$�gm is thelikelihoodratio of thecaseconsidered.

The probability � , which is derived from the i value, is
theprobabilityof observingthelikelihoodratioobtainedor any
value higher in caseswhere the suspectis the sourceof the
trace. Theseprobabilitiesaresimilar to the probabilitiesrep-
resentedon theTippettplot for ���

m . The i testcalculatesthe
signi�canceof �$�gm undertheassumptionof normalityof the
scores,while theTippettplot directlyrepresentsthesigni�cance
of ���

m withoutmakingthis assumption.
For the caseshown in Fig. 1, the likelihoodratiosfor

�

,
usingthedirect methodandthescoringmethod,are1155and
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Figure2: Probabilitydensityplot of �$� s (scoringmethod)
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Figure3: Probabilitydensityplot of �$� s (directmethod)

9.165 respectively. In Figs. 2 and 3 the probability density
functionsof thescoringmethodanddirectmethod��� sarepre-
sented.Thepoints0.475and209,in Figs.2 and3 representthe
intersectionof the probability distribution functionsof likeli-
hoodratioscorrespondingto ��� trueand �

� truecases.
j�keu

values(estimatedin the log domain) for the scoringand the
directmethodare1.1624and1.4716respectively which corre-
spondto 5.4%and7.08%probabilitiesof observingtheselikeli-
hoodratiosor greaterin caseswherethehypothesis�

� is true.
j$k�l

values(estimatedin the log domain)for the scoringand
the direct methodare-0.3110and-0.6995respectively, which
correspondto 62.2%and75%probabilitiesof observingthese
likelihoodratiosor greaterin caseswherethehypothesis�

�
is

true. Theseresultsindicatethat for the examplecaseconsid-
ered,both thedirectmethodandthescoringmethodestimated

�$� s that are typically observed in caseswherethe suspectis
indeedthe sourceof the trace. The directmethodhasa lower
proportionof casesexceedingthis ��� , for the hypothesis�

�

and �
� thanthescoringmethod.

4. Conclusion
Two approachesin forensicautomaticspeaker recognition,one
directlyusingthelikelihoodsreturnedby theGaussianMixture
Models(GMMs), andtheotherby modelingthedistribution of
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Figure4: TippettPlot (scoringmethod)
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Figure5: TippettPlot (directmethod)

theselikelihood scoresand then deriving the likelihood ratio
on the basisof thesescoredistributionshave beenpresented.
Statisticalrepresentationsto evaluatethe strengthof evidence
andto comparethetwo methodshave beenpresented.
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