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ABSTRACT

While vocaltractresonanceéVTRs, or formantsthatarede ned as
suchresonancesjareknown to play a critical role in humanspeech
perceptiorandin computerspeectprocessingtherehasbeenalack
of standarddatabaseseededor the quantitatve evaluationof au-
tomaticVTR extractiontechniques We reportin this paperon our
recenteffort to createa publicly availabledatabasef the rst three
VTR frequeny trajectories.The databaseontainsa representadie
subsebf the TIMIT corpuswith respecto spealkr, gender dialect
andphoneticcontet, with atotal of 538 sentencesA Matlab-based
labelingtool is developed,with high-resolutionwidebandspectro-
gramsdisplayedto assistin visualidenti cation of VTR frequeny
valueswhich arethenrecordedvia mouseclicks andlocal splinein-
terpolation.Speciakttentionis paidto VTR valuesduringconsonant-
to-vowel (CV) andvowel-to-consonanfVC) transitionsandto speech
segmentswith vocaltractanti-resonancesJsing this databaseywe
quantitatvely assesgwo commonautomaticVTR tracking tech-
niguesin termsof their averagetrackingerrorsanalyzedvithin each
of thesix majorbroadphoneticclassesswell asduringCV andVC
transitions. The potentialuseof the VTR databasdor researclin
severalareaf speectprocessings discussed.

1. INTRODUCTION

Acousticresonancei the humanvocaltractduringspeectproduc-
tion are perhapghe bestknovn andthe mostcommonlyusedpara-
metersn characterizinghe perceptiornf speechsoundsgespecially
for vowels. In this casetheresonancearealsocalled“formant fre-
qguencies”which arespectrabrominenceshatcanbe computedi-
rectly from speechwaveforms. However, whenanti-resonanceare
present,asin mostconsonantakounds,the underlyingresonance
frequenciesare often obscured. However, it is the resonancdre-
guenciesjnsteadof the frequenciesat which spectralprominences
occur that determinethe temporaltrendsof CV and VC formant
transitions(a classicconceptknowvn asformant“loci” [1] andhave
perceptuatelevance.)

Due to theimportanceof the vocal tractresonanc€VTR), nu-
merousautomaticVTR or formant trajectory estimationmethods
have beendeveloped(e.g.,[5, 8, 6, 3,9, 10]) over pastfew decades.
Resultsof mary of thesemethodshave beenappliedto speeciprocess-
ing applicationge.qg.,[6, 2, 9]). Despitethis, therehasbeena con-
spicuoudack of standarcdatabasethatareneededor quantitatve
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evaluationof automatic/ TR estimatiormethods As with automatic
speeclrecognition,standardlatabasesf VTRs asa “groundtruth”
referencearecritical for objectively evaluatingdifferentestimation
algorithmsand for improving the algorithms' qualities. However,
VTR databasearedif cult to constructdueto extensive humanex-
pertiserequiredfor accuratelyidentifying resonancebasedprimar
ily on spectrographi@analysis. The dif culty is especiallytrue for
mary consonantasoundsvherethe VTRs areoftennotdirectly vis-
ible from the spectrogramsaswell asfor somevowels and semi-
vowels(e.qg.,/y/, liyl, lul, Iwl, Irl) whereformantscanbe very close
to oneanother

In this work, we attemptto overcomethesedif culties by care-
fully applyinghumanexpertise,in combinatiorwith spectralnaly-
siswith extrapolation,to visually identify andrecordthe VTR fre-
quencieqF1, F2,andF3) for all classe®of speectsoundsin a sub-
setof the TIMIT database.During the preparationof our “manu-
ally” labeledVTR databaseye especiallyffocuson VTR valuesdur-
ing consonant-to-awel (CV) andvowel-to-consonan¢VC) transi-
tions,andon speectsggmentsnvolving vocaltractanti-resonances.
Wherethe spectralprominencedi.e., “dark” or high-enegy bands
in the spectrograndisplays)do not coincidewith predictedreso-
nancegor mary consonantasegmentswe exploit prior knowvledge
of nominalVTR values[2], andusethevisible VTR transitionsinto
andout of adjacenvocalicsggmentgo performjudiciousextrapola-
tion or interpolation.We alsoexaminetheoverall spectraproperties
acrosghe entiresentencecorrelatingthe VTR valuesfor the same
phoneticunitsin the sentencendadjustingthemwhenappropriate
aftertakinginto accountcontextual in uences. Further we exploit
known effects of anti-resonancegor zero frequenciesjn splitting
the VTRs of nasalized/owelsfor example.

The paperis organizedasfollows. In Section2, we describe
the selectionof speechdatafor the VTR databas@reparation.The
VTR trajectorylabelingprocesss presentedn Section3, including
the labelingtool developmentandhumanknowledgesourcesused.
Cross-labelewariation resultsare shavn in Section4. Resultsof
a preliminary objective assessmertdf two automaticVTR tracking
algorithmsusingthe labeledVTR databasareprovided in Section
5.

2. DATA SELECTION

The VTR databasés composedf 538 utteranceselectedasarep-
resentatie subsetof the well-knowvn and widely-usedTIMIT cor

INot surprisingly mary existing formant or VTR tracking algorithms
tendto male errorsfor thesespeechsounds,including transitionsinto and
outof thesesounds.



pus. TIMIT containsa total of 6300 utterancesontritutedby 630
speakrs from 8 major dialectregions of the United States. Each
speakr speaksl0 utterances The promptsfor the 6300 utterances
consistof 2 dialect“shibboleth” sentence$SA), 450 phonetically-
compactsentence¢SX), and 1890 phonetically-dierse sentences
(Sh). TIMIT is divided into a training setand a testset. The for-
mercontainsA620utterancesandthelattercontainsl344utterances
wherel92outof 1344utterancesrespeciallychoserto form acore
testset.

In preparingour VTR databasewe selectedh total of 538 utter
anceqSX andSl sentencesnly) andlabeledF1, F2,andF3trajec-
toriesfor eachl10-msedrame. Theselecteditterancesover all 192
utterance$rom the coretestsetand346utterance$rom thetraining
set. Thereare24 speakrsin the 192-utterancéestsubsetvith 5 SX
and 3 Sl sentence$or eachspeakr, and 173 spealkrsin the 346-
utteranceraining subsetvith eachspealker contrituting 1 SX and1
Sl sentencesln this way, the selectecb38 utterancesvell represent
abalancedelectionof spealer, dialect,gendemndphonemeThese
utteranceslso containrich phoneticcontexts andthus area good
collection of acoustic-phonetiphenomenahat exhibit interesting
VTR variations.

3. VTR TRAJECT ORY LABELING

To facilitatethe procesf VTR trajectorylabelingin the database
preparationye rst obtainednitial trajectoryestimatedasedn an
automaticVTR trackingalgorithm as describedn [3].> Basedon
theseinitial estimatesextensve manualcorrectionis performedto
provide accuratée/TR labeling.

A Matlab GUI tool hasbeendevelopedto enableVTR correc-
tion and manuallabeling. A screenshot of this tool is shavn in
Fig.1. Thetool shavs the waveform andwidebandspectrogranof
a speechsignal togetherwith its word- and phone-leel transcrip-
tions. The phoneboundariesaremarked alsoin the spectrogranto
facilitatelabeling. The spectrograntanbe zoomedin andout for
detailedor coarsespectrographimformation. A contrastaris also
available to tune the intensity contrastof the spectrogranto help
malke decisiononthe VTR values.To correcttrajectoriesa labeler
simply needsto click on the desiredpointsanda local spineinter-
polationis implementedn the tool thatautomaticallysmoothesut
themodi ed trajectoryto thevisualsatishctionof thelabeler

Figs. 2 and3 aretwo examplesentenceto illustratethe correc-
tion andlabelingprocessandresults.Blue dashedines(F1,F2,and
F3, respectrely) aretheinitial, automaticVTR trajectoryestimates
describedn [3] marked as“MSR” in legend. Manually corrected
versionsof themare shavn asred solid lines (with 20 to 30 point
correctiongper sentencéoy manualmouseclicks followed by auto-
matic local spline smoothing). For comparisonpurposeswe also
shav the automaticF1/F2/F3tracking results,asgreensolid lines,
from the popularopensourcetool Wave Surfer which usesthe same
algorithmfor VTR/formanttrackingasESPS/xvavesintroducedin
[8].% For mostof the vocalic portionsin the utterancesvherethe
“dark/highenegy” bandsin the widebandspectrogramsareclearly
identi able, bothautomatidraclersgive ratheraccurateesults.Ex-
ceptionsareoccasionakrrorsin 1) F3 for /r/ or /fer/whenF3 s low
andcloseto F2;2) F2for /Juw/ or /w/ whenF2is low andcloseto F1;
and3) F2and/orF3for /y/ and/iy/ whenthey arecloseto eachother

2This algorithmis basecbn aversionof thestructuredspeechmodelcon-
sistingof continuous-aluedhiddendynamicsandapiecavise-linearied pre-
dictionfunctionfrom resonancé&equencieandbandwidthgo LPC cepstra.

3Softwaredownloadsite: http://wwwspeech.kth.seavesurfer

Theseerrorsoccurmostlyduringrelatively rapidformanttransitions.

More dif cult situationsarisefor the frameswherethereis a
lack of spectralprominence®r when spectralprominenceslo not
coincidewith predictedesonancefr consonantadegments.In this
casenominalconsonant-speci @aluesof VTRs (ChapterlQin [2])
are provided as crudereferencedor male spealkrs asa guideline.
Thesevaluesareincreasedy approximatel\20%for femalespeak-
ers. To determinethe nal labels,we also make useof the visible
VTR transitionsinto andout of adjacentwocalicsggmentso extrap-
olateto theconsonantaV/ TR “loci”. “Velarpinch” patterngF2 and
F3 comingtogether)areidenti ed andusedfor labelingF2 andF3
valuesrelatedto velar consonantg/k/, /g/, /ng/) in the front-vowel
context. The overall spectralpropertiesacrossthe entire sentence
with a x edspealkr areexploitedto equalizethe VTR valuesfor the
samephoneticunitsin thesentenceadjustmentsnaybemadebased
on analysisof contetual effects. For nasalconsonantsr nasalized
vowels, the “pole-zero-pole”patternin their spectrais analyzedif
suchapatterrexists. In thiscasethe nal VTR valuesmaybedeter
minedby the frequenciesvherespectralvalleys insteadof spectral
peaksccur especiallyif suchvaluesareconsistentvith thenominal
valuesbasedon prior knowledge? Examplesof someof the abave
analysesand decisionsduring the VTR correction/labelingprocess
have beenincludedin Figs. 2 and3.

4. CROSS-LABELER VARIATIONS

TheVTR labelingeffort of thedatabasés distributedamongseveral
labelers A problemthatnaturallyariseds thepossiblenconsisteng
amongthem. In dif cult caseswherethe VTRs in a spectrogram
arenot olviousor areambiguousthe manuallylabeledVTR values
from differentlabelersoftendiffer from eachother

In orderto assesshedegreeof suchinconsisteny, independent
pair-wisecross-labelings performedfor asubse{80in total) of the
538 manuallylabeledutterances.Five pairs of labelersare made,
with eachpair performingindependentross-labelingof common
16 utterancegincludingtwo utterance$rom separatéour maleand
four femalespeakrs). The absolutedifferencebetweerthe two dif-
ferentlabelersseparatedhto six broadphoneticclassegndinto F1,
F2,andF3, averagedver all framesfor eachclassis listedin Table
1. The magnitudeof the variationis somavhat higherthanwasex-
pectedwarrantingadditionalcheckingfor possibldabelingerrors.

Classes AbsoluteDiff perframe(Hz)
FL | F2 | F3
vowels 55 69 84
semvowels 68 80 103
nasal 75 112 106
fricatives 91 113 125
affricatives 89 118 135
stops 91 110 116

Table 1. Averagedpair-wise cross-labelingabsolutedifferenceper
framefor F1, F2, and F3 and for eachof the six broad phonetic
classegin Hz).

4This is an examplewherethe underlyingresonancein the vocal tract
may not correlatewith the spectrapeaksin the speectsignal.



Fig. 1. Matlab-based5Ul labelingtool for manualVTR trajectorycorrectionandlabeling.
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Fig. 2. Spectrogranof aTIMIT utteranceHis failure to openthestore by eightcosthim his job, superimposediith the F1/F2/F3trajectories

corrected/labeletly hand(red solid lines; “Manual” in legend)andfro

m two automaticV TR traclkers. Onetracler is describedn [3] (blue

dashedines;“MSR" in legend),andthe otheris describedn [8] (greensolid lines;“Wavesurfer”in legend).

5. COMPUTING ERRORSIN AUTOMATIC TRACKING
ALGORITHMS

The538manuallylabeledutterancesvith F1,F2,andF3trajectories
in the VTR databaselescribedhbove cansere asa basisfor quan-
titatively computingthe errorsproducedby existing VTR tracking
algorithms. The labeledtrajectoriesare usedas the referencedor
determiningheerrors.We selectedhe“MSR” algorithmin [3] and
the “WaveSurfer”algorithm (footnote3) for analysis;the resulting
errorsarelisted in Table 2. The errorsare de ned to be the ab-
soluteVTR differencebetweerthe referenceandthe estimatedval-
uesaveragedover all framesfor a particularbroadphoneticclass.
We have usedsix suchbroadclassesde ned in the TIMIT data-
base,with all sgmentboundariesmadeavailable for frame aver-
aging. Comparedvith theinter-labelervariationshavn in Table 1,
thedifferencein theerrorsmadeby thetwo algorithmsfor the sono-
rantspeectrlasseqvowels, semvowels, and nasals)yappeargo be
relatively minor. Greaterdifferencesoccurfor the obstruentspeech
classegfricatives,affricatives,andstops).

Wealsoexaminedtheerrorsof thetwo algorithmswhenlimiting
the errorcountingregionsto only the CV andVC transitions. The
“transition regions” are x edto be 6 frames,with 3 framesto the
left and3 framesto theright of CV or VC boundariesle ned in the
TIMIT databaseThedetailedresultsarelistedin Table 3.

As a controlexperiment,we have correctedcandlabeleda small
subset(about10%) of VTR trajectorieswhich areinitialized from
the Wavesurfers outputsinsteadof MSR algorithm's outputs. The
differencesshavn above are reduced,mainly for vowels and for

Classes MSR WaveSurfer
F1 | F2 | F3 || F1 | F2 | F3
vowels 64 | 105 | 125 70 | 94 | 154
semvowels || 83 | 122 | 154 || 89 | 126 | 222
nasal 67 | 120 | 112 || 96 | 229 | 239
fricatives 129 | 108 | 131 || 209 | 263 | 439
affricatives || 141 | 129 | 149 || 292 | 407 | 390
stops 130 | 113 | 119 || 168 | 210 | 286

Table 2. VTR trackingerrors(in Hz) measuredy averagingab-
soluteVTR differencesetweenthe referenceandestimatedvalues
over all framesfor a particularbroadphoneticclass. Both the al-
gorithmsin [3] (MSR) andfor the WaveSurferalgorithmare used.
Resultsarelistedfor F1,F2,andF3, andfor eachof the six phonetic
classeseparately

semiowels. De nite conclusionscan not be dravn until after a
largersetof thedatais labeled.

6. SUMMARY AND DISCUSSION

In this paperwe reporton the developmentof a soon-to-beublicly
availabledatabasén whichthe VTR, or formant,trajectoriesarela-
beled.We planto have thedatabasegfterfurthercarefulveri cation
andcorrection(which is currentlyon-goingat MSR), be postedon-
line on our webpagedy the time of the ICASSP2006 conference.
F1, F2, andF3 trajectories at every 10-msedrame, of a represen-
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Fig. 3. SameasFigure2, exceptwith adifferentTIMIT utterance!We alwaysthoughtwe would die with our bootson”.

Classes MSR WaveSurfer
F1|F2|F3||F1|F2|F3

CV transitions|| 106 | 101 | 119 || 156 | 192 | 273

VC transitions|| 48 92 | 120 || 59 88 | 157

Table 3. Sameasfor Table2 exceptfor the focuson temporalre-
gionsof consonanto vowel (CV) transitionsandvowel to consonant
(VC) transitionsnsteadof on broadphoneclasses.

tative subset(538 sentencespf the TIMIT corpuswith respectto
speakr, gender dialectand phoneticcontet arelabeled. The key
partof the database&reationprocesss the developmentand useof
a softwarelabelingtool basedon high-resolutionspectralandtem-
poral displays. This enablesvisual identi cation of, for example,
VTR or formantfrequeng valuesin the spectrogramsypically in
vocalic speechsegments. Whenambiguity arisesor whenno clear
“dark/high-enegy bandsarevisible in thespectrogramgheunder
lying resonancérequencieiave to beinferredusinghumanexper
tise to balancea numberof knowvledge sources.In this paper we
discussednajorknowledgesourceghatguidedourlabelingprocess
while creatingthe VTR databaseincluding the useof consonantal
VTR targets(or “loci”) andtheirgendetbasedadjustmenttheuseof
visible CV andVC transitionsfor extrapolation,consisteng of the
within-utteranceVTR targetsand VTR valuesfor the samephone,
theadjustmenbf targetsandVTR valuesbasedn contectual in u-
encesand on possibletarget undershootingthe useof the distinct
“velar pinch” pattern,andthe effects of nasalizatioron pole split-
ting.

We reportin this paperan exploratory use of the databasen
guantitatve assessmenf two commonautomaticVTR tracking
techniquesneasuredby theiraveragedrackingerrorsanalyzedvithin
eachof thesix broadphoneticclassesiswell asthoseduringCV and
VC transitions We alsoreporta small-scalexperimentwhereinter-
labelervariation (as an indicator of the quality of the databasejs
examined.

A clearbene t of theestablished/ TR databasés in quantitatve
andrigorousevaluationof existingandnewv VTR or formanttracking
algorithmsandin fosteringthe future high-qualityalgorithmdevel-
opment. In additionto this usein speechanalysisresearchpther
potentialusesof the VTR databaseanbeforeseernn differentareas
of speectprocessin@swell. In particular theimportanceof theres-
onance®rformantsin speectperceptiormalesit desirabldo incor
poratetheminto speechrecognitionsystemseitherasnew features
in thediscriminatie framework [7], or aspartof modelstructurein

thegeneratie framevork [4]. With a standardiatabasenadeavail-
able, the featureextractiontechniquesand recognitionmodelscan
be betterdesignedor bene cially initialized in automatictraining.
In formant-basedpeechsynthesisthe standarddatabasdor VTR
trajectoriesn speechwill alsohelpimprove theformant-generation
componenbf the system gspeciallyfor generatingnatural-styleut-
terancewith varying degreesof phoneticreduction.
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