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Longitudinalstudyofvoicerecognitioninchildren
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Abstract:Speakerrecognitionasabiometricmodalityisontheriseintheconsumermarketplace
forbanking,onlineservices,andpersonalassistantserviceswithapotentialforwiderapplication
areas.Mostcurrentapplicationsinvolveadults.Oneofthebiggestchallengesinspeakerrecognition
forchildrenisthechangeinthevoicepropertiesasachildage.Thisworkproposesabaseline
longitudinaldatasetfromthesame30childrenintheagegroupof4to14yearsoveratimeframe
of2.5yearsandevaluatesspeakerrecognitionperformanceinchildrenwiththeavailablespeaker
recognitiontechnology.

Keywords:Speakerverification,Children’svoice,MFCC,LFCC,GMM,JFA,ISV,Inter-session
variability.

1 Introduction

Biometricrecognitionhasproliferatedinthelasttwodecadeswithapplicationsingovernment(bor-
dersecurity,immigration,identityatbirth,distributionofbenefits,refugeeefforts)andconsumer
market(e-commerce,banking,healthcare).Biometricrecognitionbasedonvoiceusesuniquefea-
turesinthespeaker’svoicetoascertainidentity[Ma00].Voicebiometricsusesacousticproperties
specifictoindividualsubjectsandcanbeusedinsituationsinvolvingvirtualpresenceoveranytele-
phoneorinternet.Voicebiometricsisappliedmostlyforspeakerverification.Speakerverification
canbetext-dependentortext-independent.Foreither,thebiometriccharacteristiccontainsfeatures
ofthevoicespecifictoaperson.Voicebiometricsforspeakerrecognitionhasbeenusedsparsely
sincelate1990s.However,inthepastdecadetheapplicationofspeakerrecognitionproliferated
intheconsumermarketforpersonalassistantservicesinmobiledevices,onlineservicesrequiring
authenticationlikeonlinebankingservices,callcentersandotherservices.

Mostofthepriorresearchinvolvingvoicesofchildrenarebasedonphysiologicalchangesofvoices
withtargetedapplicationslikegenderrecognition,andspeechrecognition.Speakerrecognitionper-
formanceisstillarelativelyunexploredresearcharea.Oneofthefewstudiesinthisareashowsthat
asachildages,theirvocalpropertieschanges,impactingtheperformanceofspeakerrecognition
[SRJ18].Thepaperisdescribedinmoredetailattheendofthissection.

Studieshaveshownthatdevelopmentalspeechproduction,especiallyvocaltractgrowth,introduces
age-dependentspectralandtemporalvariabilityinthespeechsignalofchildren.Suchvariability
evokechallengesforrobustautomaticrecognitionofchildren’sspeech[PN03].However,nore-
searchregardingtheinfluenceofvocaltractgrowthforautomaticspeakerrecognitionhasbeen
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performedforchildren’svoices.Accordingto[Ma00],changesinthevoicepropertiesinchildren
addtothebasicchallengesinvoicerecognition-backgroundandchannelnoise;variableandinferior
microphonesandtelephones;andextremehoarseness,fatigue,orvocalstress.

Extractionofusefulinformationfromspeechhasbeenresearchedactivelyinthelastthreedecades.
Melfrequencycepstralcoefficient(MFCC),whichmimicsthefrequencyresponseofthehumanear,
isawellestablishedfeatureusedextensivelyinmostvoice/speakerrecognitiontechniques[MBE10].
MFCCfiltersaredesignedinaccordancetothecriticalbandwidthfrequenciesthatthehumanear
perceives.MFCCusestwotypesoffilter-linearlyspacedandlogarithmicallyspaced[NS14].Linear
frequencycepstralcoefficients(LFCC)isanotherfeatureextractiontechniquethatusesonlylinearly
spacedfilters.LFCCprovidesequaldetailsforallfrequencies[Re94].Inthehigherfrequencyregion
ofspeech,LFCCuseshighernumberoffilterbankcomparedtoMFCC.Intertointraclassspeaker
variabilityratioorf-ratioissignificantlyhigherinLFCCthanMFCC[LL09].

Inthe1990’smanymethodslikesimpletemplatematching,statisticalpatternrecognition,dynamic
time-warpingmethodswereusedforspeakerrecognition.Hiddenmarkovmodels(HMM),Gaus-
sianmixturemodel(GMM),universalbackgroundmodel(UBM)andmulti-layerperceptrongained
popularityasspeakerrecognitiontechniquesintheearly2000’s[NS14].Inthelastdecade,speaker
recognitiontechniquesthatarebasedondifferenttypesoffactoranalysisi.e.jointfactoranalysis
(JFA),i-vectors,lineardiscriminantanalysis(LDA)andprobabilisticlineardiscriminantanalysis
(PLDA)producedimprovedspeakerrecognitionresults[Ka14].GMMbasedspeakerrecognition
techniquesarenotdesignedtocompensatefortheinter-sessionsoundvariabilityofdifferentrecord-
ingsandfailstominimizethethevariationinenrollmentandproberecordingsinducedbyenviron-
mentalfactors.JFAminimizestheseseasonvariabilitycausedbythesounddifferenceofagiven
speaker’sdifferentrecordings[Ke07a][Mc10].JFAistheGaussiandistributionofHMMsuper-
vectorswhicharespeakerandchanneldependentandaccountafewhiddenvariablesofspeakerand
channelfactorsorhighdimensionalGMMsuper-vectors.JFAmodelassumesthespeakerfactorin
twodifferentrecordingsremainsamebutthechannelfactorortherecordingenvironmentvariesfrom
sessiontosession[Ke05][Ke07a].JFAmodelsdoesnotworkonthespeakerverificationonshort
utterancerecordings(<10seconds).Ratherthanmodellingthespeakerorchannelvariabilityspace,
intermediate-sizevectorori-vectormodelsspeakerandchannelvariabilityinalowdimensional,
singletotal-variabilityspacethatcanmaptheutterances(shortutterancesaswell)ofthespeakers
andhelpconvertthespeakerrecognitionproblemfromahighdimensionaltoalowdimensionalone
[Ka14][De09].Inter-sessionvariability(ISV)isanothermodellingapproachsimilartoJFAwhich
aimstoreduceinter-sessionvariabilityinGMMspeakermodelspace[VS08][Ke07b].Themain
differencebetweenISVandJFAis,whileISVmodellingassumesthatwithinsubjectvariabilityis
dominantinthelineardomainoftheGMMsupervectorlow-dimensionalsubspace,JFAassumes
thatthebetween-subjectvariabilityiscontainedinthelow-dimensionalsubspace[Wa11].i-vector
isalsodesignedtomitigatethespeakervariabilitycausedbycollectingdatafromdifferentsources.
Asi-vectorsarecomputedfromthehiddenvariablesofthefactoranalysismodel,itrequireshuge
amountoftrainingdata.However,i-vectordoesnotaddresschannelvariability;itneedstobecom-
binedwithothermodelssuchasLDA,probabilisticLDA(PLDA),cosinesimilarityscoring(CSS),
within-classcovariancenormalization(WCCN),whichdividesthetotalvariabilityspaceintoses-
sionandspeakervariabilitysub-spaces[De09][Ka11],tomitigatethediscrepancybetweenchannel
noiseofdifferentsamples.Deeplearning(DL)basedspeakerrecognitionsystemshavethecapacity
toextractthelow-dimensionalfeaturesandachievestrongspeakerrecognitionperformance[Gu20]
[Li20b].AlthoughtheDLmodelsproduceanimprovedspeakerrecognitionperformancecompared
toclassifiersthatrequirehand-craftedfeatures,theyaremorecomplex,requiresmassiveamountof
labeledtrainingdata,hashighcomputationandstoragecost[Li20a].

Therehasbeenlimitedworkonspeakerverificationinchildren.Safavietal.[Sa16][Sa14][SRJ18]
performedautomaticspeaker,genderandagegroupidentificationofapproximately1100children
ofdifferentagegroupsusingMFCC,deltaanddelta-squarefeaturesandGMM-UBM,GMM-SVM,
i-vector-PLDAbasedmodelstoachievemaximum99%identificationaccuracyusingonly10sec-
ondsspeechrecording.However,thedatasetdetailsforspeakerrecognitionanalysisdidnotmention
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amulti-sessioncollection.Morestudyisneededwheretheenrollmentandverificationhappenon
differentdaysandinmultiplesessionsspacedbyconsiderabletimegap,particularlyasachildages.
Tothebestofourknowledgenoreporthasbeenpublishedonlongitudinalvoicebiometricrecord-
ingsforspeakerrecognitioninchildren.Ourstudyisthefirstworkevaluatingspeakerverification
performanceinchildrenwithdatacollectedovermulti-sessions.Inthisstudy,weanalyzedlongi-
tudinalspeakerverificationperformanceinchildrenoveraperiodof2.5yearswithdatacollected
fromsixsessionswithinter-sessiongapofsixmonths,intimeframesof6,12,18,24and30months
betweenenrollmentandverificationsamples,fortheagegroupof4to14yearsusingtheavailable
technologyforadultspeakerverification,withapproximaterecordingdurationof90secondsper
subjectpersession.Wereportonthelongitudinalrobustnessofspeakerverificationinchildrenas
theyage.Thisworkcontributestotheresearchdomainby-

1.providingabaselinelongitudinaldatasetforspeakerrecognitioninchildrentoadvanceresearch
inthisfield;

2.evaluatingtherobustnessofestablishedtechniquesforspeakerrecognitionwithchildvoicedata;
3.analyzingthelongitudinalspeakerverificationperformanceinchildren.

Therestofthepaperisorganizedinfoursections-Section2explainsdatacollectionprotocol,
Section3detailstheexperimentationsteps,Section4highlightstheresultsachievedandSection5
providesadiscussionofthelimitationsofthisstudy,futurescopesandconcludesonthefeasibility
ofthestate-of-arttechniquesofvoicerecognitioninchildren.

2 Dataset

Thedatasetconsistsofdatafromthesame30subjects,forover2.5yearsperiod,collectedfrom
sixsessionsatanapproximatedintervalofsixmonthsfromsubjectsagedbetween4and11yrsat
enrollment.Usingthefirstsessiondataastheenrollment,longitudinalperformanceofthedataset
hasbeentestedforfivesubsequenttimeinstancesat6,12,18,24and30months.Subjectcountfor
eachenrollmentagebetween4and11yearsare1,1,5,3,6,2,8and4,respectively.Thedata
usedforthisstudyispartofamulti-modalbiometricdatasetcollectedfromthesamechildrenfor
researchpurposeincooperationwithalocalschool.Theresearchteamsetsupcollectionstationsat
theschooleverysixmonthsforthecollectiondaysusingthesameequipment.Thecollectionroom
mayvarybasedonavailabilitywhichmayimpactthedata.

Voicedataiscollectedatasamplingrateof44.1KHzusingamicrophonebyAudio-Technicawith
frequencyresponse20Hzto16KHzandbitdepthof16bitandapubliclyavailablesoftware,Audac-
ity.Ateachsessionthesubjectsarepromptedbyaseriesofimagestospeaksimplecommonwords
likenumbering(1-10),nameofanimalsandcommonobjectsknowntochildrenandattheendthey
areaskedtodescribeascenedisplayedtothemasanimage.Thespeechdurationvariesbasedonthe
speakingspeedofthesubjectsincludingpausesinbetweenwords.Onlyonesampleiscollectedat
eachsessionfromeachsubjectofapproximatedurationof90seconds.Theprotocolandthecontent
wassameinallcollections.However,theorderofimages,andthusthewords,mayhavevaried.
Thisstudyfocusesontext-independentverificationandthecontentandtheorderarenotconsidered.
Sincethedataiscollectedinaschoolenvironment,evenwithourbesteffort,thecollecteddatahave
inconsistentnoiserangingfromsoundofpeoplewalking,openingorclosingofdoors,andpeople
talkingnearby.
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3 Experimentation

3.1 ExperimentationPlatform:Bob

Bob[An12][An17]isanopensource,reproduciblesignalprocessingtoolbox.bob.bio.spearis
aspeakerrecognitionpackageintheBobplatformhavingsupportingtoolsforspeechdatapre-
processing,featureextraction,matchingandanalysis.Allexperimentswithourchildvoicedatahas
beenperformedinthisplatform.

3.2 DataPre-processing

Thedatacollectedforthisexperimentisinareallifescenarioi.e,thedataincludeschannelnoise
fromdevicesandotherenvironmentalnoise.Practicalapplicationsmaynotincludenoisefreeenvi-
ronment.Thus,itisimportanttopre-processthedatawithoutlosingthevoiceprintanddistorting
thefeaturesOurpre-processingincludesthreesteps:

1.Bandpassfilteringbetweenrange125Hzand8000Hz
2. Mean-VarianceNormalization
3.SilenceRemovalbyidentifying-(a)Short-timeEnergyand(b)SpectralCentroid

Thesedatapre-processingstepswereperformedinMATLAB2019a,priortoourexperimentation
inBob.TheBobexperimentationalsoincludesdatapre-processing.Forourexperimentationwe
usedtheinbuiltpre-processingresource-energythr[ID],whichisathresholdedenergybasedvoice
detectionfunction.Thedefaultthresholdis15%ofthemaximumenergyoftheinputsignal,which
wasusedforthesecondarypre-processingofourdataintheBobplatform.Nodatawasremoveddue
toqualityornoisepurposebeforeexperimentationintheBobplatform.However,thepre-processor
usedinthebob-platformfailedtoprocesseightsamplesfromeightdifferentsubjectsatrandom
sessions.

3.3 FeatureExtractionandAlgorithm

Stateofartfeaturesandalgorithmsweretestedtoassesslongitudinalspeakerrecognitionperfor-
manceinchildrenover2.5years.Twodifferentfeaturesets-MFCCandLFCC,weretestedwith
20and60coefficientsforboththefeatureextractiontechniques.Threealgorithms-GMM,ISVand
JFA,wereusedtoassessperformance.Speakerrecognitionperformancefrom12differentfeature-
algorithmcombinationstestedforourstudyaretabulatedinTable1.

4 ResultsandAnalysis

PerformanceisevaluatedintermsofFalseAcceptRate(FAR),FalseRejectRate(FRR)andEqual
ErrorRate(EER).Figure1-12showsthescoredistributionsandFigure13-24showstheROCs
for12differentfeature-algorithmcombinationsforeachfivelongitudinaltimeinstances(6,12,18,24
and30months)forthesame30subjects.Table1summarizestheperformanceateachtimeinstances
foreachof12combinationoffeature-algorithmintermsofEER.

WithMFCC60andLFCC60,thereisdecayingvariabilityinthescoredistributionwithISValgo-
rithm(referFig.4,10).ISVwasreportedinliteraturetohaveimprovedspeakerverificationperfor-
manceinadults[VS08].However,wenoteadrasticdegradationinperformancewithourchildren
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Tab.1:SpeakerVerificationperformance

Feature Algorithm EER(%)
6month

EER(%)
12month

EER(%)
18month

EER(%)
24month

EER(%)
30month

MFCC20 GMM 22 26 30 24 42

MFCC20 ISV 48 46 56 52 54

MFCC20 JFA 34 38 35 40 43

MFCC60 GMM 36 38 40 43 42.5

MFCC60 ISV 36 44 40 46 46

MFCC60 JFA 43 37 44 46 52

LFCC20 GMM 26 34 29 40 48

LFCC20 ISV 48 47 50 59 56

LFCC20 JFA 43 38 45 44 50

LFCC60 GMM 38 35 41 45 51

LFCC60 ISV 48 52 46 52 54

LFCC60 JFA 44.5 36 42 52 47.5

datasetasreflectedintheROCs(referFig.15,16,21,22).Thoughtheperformanceimprovesfor60
featuredimensioncomparedto20featuredimension,theperformanceofISVispoorcomparedto
bothJFAandGMM(refer1).

JointFactorAnalysis,whichisanextensionofISV,isdesignedtoreduceinter-sessionvariability
forintra-subjectdataandtoreducethehighenrollmentrequirement.Thereducedinter-sessionvari-
abilityisreflectedinthescoredistributionsinFigure5,6,11aswellasinthereducedvariability
intheperformancebetweenlongitudinaltimeinstances(6,12,18,24and30months).However,the
overallperformanceispoorcomparedtoGMMwiththesamesetoffeatures.

MFCC20,MFCC60,LFCC20andLFCC60featureshashighvariabilityacrosslongitudinaltimein-
stances(6,12,18,24and30)withGMM.ThereisadistinctdecayingenuinematchscoreswithGMM
forMFCC20andLFCC20(referFig.1,7).Thescoredistributionfor60dimensionalfeaturesfor
MFCCandLFCCshowhighervariability.However,GMMperformsbestwithall4configurations-
MFCC-20,MFCC60,LFCC-20,LFCC-60,comparedtoISVandJFA.Thebestperformanceisob-
servedfortheMFCC20andGMMcombinationintermsofFARandFRR(EERvariesfrom22%at
6monthtimeinstanceto42%at30monthtimeinstance)comparedtootheralgorithmsandfeatures.
Overall,20dimensionalfeaturevectorforbothMFCCandLFCCperformbettercomparedto60
dimensionalfeatures.Almostallfeature-algorithmcombinationfailstoperformat30monthtime
framewithEERrangingbetween42%to56%.

5 Discussion,LimitationandFutureScope

Inthelastfewyearsseveralspeakerverificationsystemshasbeenproposed.However,impactof
increasedtimebetweenvoiceenrollmentandprobesamplesonspeakerrecognitionperformanceare
stillanunexploredarea,especiallyinchildren.Thisworkisanattempttoanswerthequestion-Are
theavailablevoicerecognitiontechniquesrobustenoughtorecognizechildrenastheyage?Forthis
purpose,adatasethasbeencollectedfromthesame30childreninsixsessionsover2.5years.The
datahasbeenanalyzedusingstateofartfeaturesandalgorithmsthathaveprovedeffectiveforadult
speakerverification.

Fromouranalysis,weconcludethatMFCC20featuresandGMMalgorithmperformsbestforlon-
gitudinalspeakerverificationinchildren.However,thebestperformanceisnotonparwiththe
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Scoredistributionforgenuinematchesastimeincreasesbetweenenrollmentandverification

Fig.1:Feature:MFCC20;Algo:GMM Fig.2:Feature:MFCC60;Algo:GMM

Fig.3:Feature:MFCC20;Algo:ISV Fig.4:Feature:MFCC60;Algo:ISV

Fig.5:Feature:MFCC20;Algo:JFA Fig.6:Feature:MFCC60;Algo:JFA

Fig.7:Feature:LFCC20;Algo:GMM Fig.8:Feature:LFCC60;Algo:GMM

Fig.9:Feature:LFCC20;Algo:ISV Fig.10:Feature:LFCC60;Algo:ISV
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Fig.11:Feature:LFCC20;Algo:JFA Fig.12:Feature:LFCC60;Algo:JFA

expectedbiometricrecognitionperformance.Thestateofartalgorithms(ISVandJFA)designed
toreduceintersessionvariabilityandimproverecognitionperformance,doperformwellinchil-
dren.However,thesearenotcommerciallydevelopedalgorithms,whichweassumemightperform
differently.Wenotethatthereisneedforimprovementofspeakerrecognitioninchildrenwiththe
developmentofappropriatefeaturesandalgorithms.

Thedatausedinthestudywascollectedinareallifescenariowithbackgroundnoiseincludingsound
ofpeoplewalkingby,talking,openingandclosingofdoorsandothermiscellaneousnoise.However,
notalldataforallsubjectshavenoiseandthenoiselevelvariesbetweensessionsandsubjects.No
completesessionwasdeletedduetonoise.Weremovedpausesbetweenutterancestoreducenoise
inthedata.Mostnoisefrequenciesareintherangeofhumanvoicefrequencies.Thus,evenwiththe
besteffortitwasnotpossibletoeliminatenoisefrequenciesfromthesignalwithouteffectingthe
voiceproperties.Thusitisexpectedtohavedegradedperformanceinrecognitioncomparedtoideal
voicesamples.Tothebestofourknowledge,nopubliclyavailablemulti-sessionvoicedatasetfrom
childrenisavailabletosupportresearchinthisfield.Pre-trainednetworksonadultdatahasproved
inefficientwhenusedinapplicationsinvolvingchildrenforothermodalitieslikeface,wherehigh
variabilityisobservedwithaging[DNJ18].However,itcanbeaworkforfuturetotesttheviability
ofsuchapproachwithchildspeakerverification.Stateofartalgorithmswithhandcraftedfeatures
donotrequirealargeamountofdataforsupervisedtraininghasprovedhighefficiency.Caseswith
limitedamountofdataneedsrobustalgorithmpipelineforapplicationsintermsofbothfeaturesand
algorithm.Werecognizethatnon-availabilityofdatasetisahindrancetoourresearchcommunity.
Wealsorecognizeprivacyandsensitivityrelatedtochildbiometricdata.Weareintheprocessof
sharingourdatasetthroughBEATplatformtosupportresearchinthisfieldwhileprotectingdata
privacy.AllalgorithmsusedforanalysisarealsoavailablethroughaninterfacefromBEATtothe
Bobplatform.

Thisworkinitiatesresearchinthefieldofchildvoicerecognitionimpactedbyaging.Forfuturework
statisticalmodellingofthevariationinvoicesignaturefeaturesmayhelpinmodellingbiometric
aginginchildvoices.Theverybasisofbiometricsistemporal-stability.Time-invariantvoicefeatures
needtobedefinedforchildinordertobeusefulforbiometricapplications.Researchonrobust
featureandclassificationtechniquesarerequiredtoaddressspeakerrecognitionwithintra-class
variabilityduetoaginginchildren.Furtherresearchinthisfieldisneededtosupportwidespread
applicationofvoicebiometricsacrossallagegroups.Weconcludethatthestateofartalgorithmsfor
speakerrecognitionperformanceinadultsdoesnotreflectsimilarlyinthecaseofspeakerrecognition
inchildrenfortheagegroupof4to14years.Thereisaneedfordevelopmentofage-independent
featuresandalgorithmsforchildspeakerrecognitionforlongitudinalbiometricapplications.
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ROCsastimeincreasesbetweenenrollmentandverificationwithdifferentfeaturesetsand
algorithms

Fig.13:Feature:MFCC20;Algo:GMM Fig.14:Feature:MFCC60;Algo:GMM

Fig.15:Feature:MFCC20;Algo:ISV Fig.16:Feature:MFCC60;Algo:ISV

Fig.17:Feature:MFCC20;Algo:JFA Fig.18:Feature:MFCC60;Algo:JFA

Fig.19:Feature:LFCC20;Algo:GMM Fig.20:Feature:LFCC60;Algo:GMM

Fig.21:Feature:LFCC20;Algo:ISV Fig.22:Feature:LFCC60;Algo:ISV
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Fig.23:Feature:LFCC20;Algo:JFA Fig.24:Feature:LFCC60;Algo:JFA
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