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ABSTRACT

While vocaltractresonances(VTRs,or formantsthatarede�ned as
suchresonances)areknown to play a critical role in humanspeech
perceptionandin computerspeechprocessing,therehasbeena lack
of standarddatabasesneededfor the quantitative evaluationof au-
tomaticVTR extractiontechniques.We reportin this paperon our
recenteffort to createa publicly availabledatabaseof the�rst three
VTR frequency trajectories.Thedatabasecontainsa representative
subsetof theTIMIT corpuswith respectto speaker, gender, dialect
andphoneticcontext, with a totalof 538sentences.A Matlab-based
labelingtool is developed,with high-resolutionwidebandspectro-
gramsdisplayedto assistin visual identi�cation of VTR frequency
valueswhicharethenrecordedvia mouseclicksandlocal splinein-
terpolation.Specialattentionispaidto VTR valuesduringconsonant-
to-vowel (CV) andvowel-to-consonant(VC) transitions,andtospeech
segmentswith vocal tractanti-resonances.Using this database,we
quantitatively assesstwo commonautomaticVTR tracking tech-
niquesin termsof theiraveragetrackingerrorsanalyzedwithin each
of thesix majorbroadphoneticclassesaswell asduringCV andVC
transitions. The potentialuseof the VTR databasefor researchin
severalareasof speechprocessingis discussed.

1. INTR ODUCTION

Acousticresonancesin thehumanvocaltractduringspeechproduc-
tion areperhapsthebestknown andthemostcommonlyusedpara-
metersin characterizingtheperceptionof speechsounds,especially
for vowels. In this case,theresonancesarealsocalled“formant fre-
quencies”,whicharespectralprominencesthatcanbecomputeddi-
rectly from speechwaveforms.However, whenanti-resonancesare
present,as in most consonantalsounds,the underlyingresonance
frequenciesare often obscured. However, it is the resonancefre-
quencies,insteadof the frequenciesat which spectralprominences
occur, that determinethe temporaltrendsof CV and VC formant
transitions(a classicconceptknown asformant“loci” [1] andhave
perceptualrelevance.)

Due to the importanceof the vocal tract resonance(VTR), nu-
merousautomaticVTR or formant trajectoryestimationmethods
have beendeveloped(e.g.,[5, 8, 6, 3, 9, 10]) over pastfew decades.
Resultsof many of thesemethodshavebeenappliedtospeechprocess-
ing applications(e.g.,[6, 2, 9]). Despitethis, therehasbeena con-
spicuouslack of standarddatabasesthatareneededfor quantitative
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evaluationof automaticVTR estimationmethods.Aswith automatic
speechrecognition,standarddatabasesof VTRs asa “groundtruth”
referencearecritical for objectively evaluatingdifferentestimation
algorithmsand for improving the algorithms' qualities. However,
VTR databasesaredif�cult to constructdueto extensive humanex-
pertiserequiredfor accuratelyidentifying resonancesbasedprimar-
ily on spectrographicanalysis.The dif�culty is especiallytrue for
many consonantalsoundswheretheVTRsareoftennotdirectlyvis-
ible from the spectrograms,aswell as for somevowels andsemi-
vowels(e.g.,/y/, /iy/, /u/, /w/, /r/) whereformantscanbevery close
to oneanother.1

In this work, we attemptto overcomethesedif�culties by care-
fully applyinghumanexpertise,in combinationwith spectralanaly-
sis with extrapolation,to visually identify andrecordthe VTR fre-
quencies(F1, F2, andF3) for all classesof speechsoundsin a sub-
setof the TIMIT database.During the preparationof our “manu-
ally” labeledVTR database,weespeciallyfocusonVTR valuesdur-
ing consonant-to-vowel (CV) andvowel-to-consonant(VC) transi-
tions,andonspeechsegmentsinvolving vocaltractanti-resonances.
Wherethe spectralprominences(i.e., “dark” or high-energy bands
in the spectrogramdisplays)do not coincidewith predictedreso-
nancesfor many consonantalsegments,we exploit prior knowledge
of nominalVTR values[2], andusethevisibleVTR transitionsinto
andoutof adjacentvocalicsegmentsto performjudiciousextrapola-
tion or interpolation.Wealsoexaminetheoverallspectralproperties
acrosstheentiresentence,correlatingtheVTR valuesfor thesame
phoneticunits in thesentenceandadjustingthemwhenappropriate
after taking into accountcontextual in�uences. Further, we exploit
known effects of anti-resonances(or zero frequencies)in splitting
theVTRsof nasalizedvowelsfor example.

The paperis organizedas follows. In Section2, we describe
theselectionof speechdatafor theVTR databasepreparation.The
VTR trajectorylabelingprocessis presentedin Section3, including
the labelingtool developmentandhumanknowledgesourcesused.
Cross-labelervariation resultsare shown in Section4. Resultsof
a preliminaryobjective assessmentof two automaticVTR tracking
algorithmsusingthe labeledVTR databaseareprovided in Section
5.

2. DATA SELECTION

TheVTR databaseis composedof 538utterancesselectedasa rep-
resentative subsetof the well-known andwidely-usedTIMIT cor-

1Not surprisingly, many existing formant or VTR tracking algorithms
tendto make errorsfor thesespeechsounds,including transitionsinto and
outof thesesounds.



pus. TIMIT containsa total of 6300utterancescontributedby 630
speakers from 8 major dialect regions of the United States. Each
speaker speaks10 utterances.Thepromptsfor the6300utterances
consistof 2 dialect“shibboleth” sentences(SA), 450 phonetically-
compactsentences(SX), and 1890 phonetically-diversesentences
(SI). TIMIT is divided into a training set anda test set. The for-
mercontains4620utterances,andthelattercontains1344utterances
where192outof 1344utterancesarespeciallychosento form acore
testset.

In preparingourVTR database,we selecteda totalof 538utter-
ances(SX andSI sentencesonly) andlabeledF1,F2,andF3 trajec-
toriesfor each10-msecframe.Theselectedutterancescover all 192
utterancesfrom thecoretestsetand346utterancesfrom thetraining
set.Thereare24speakersin the192-utterancetestsubsetwith 5 SX
and3 SI sentencesfor eachspeaker, and173 speakers in the 346-
utterancetrainingsubsetwith eachspeaker contributing 1 SX and1
SI sentences.In this way, theselected538utteranceswell represent
abalancedselectionof speaker, dialect,genderandphoneme.These
utterancesalsocontainrich phoneticcontexts andthusarea good
collectionof acoustic-phoneticphenomenathat exhibit interesting
VTR variations.

3. VTR TRAJECT ORY LABELING

To facilitatetheprocessof VTR trajectorylabelingin the database
preparation,we �rst obtainedinitial trajectoryestimatesbasedonan
automaticVTR trackingalgorithmasdescribedin [3].2 Basedon
theseinitial estimates,extensive manualcorrectionis performedto
provideaccurateVTR labeling.

A Matlab GUI tool hasbeendevelopedto enableVTR correc-
tion and manuallabeling. A screenshot of this tool is shown in
Fig.1. The tool shows thewaveformandwidebandspectrogramof
a speechsignal togetherwith its word- and phone-level transcrip-
tions. Thephoneboundariesaremarkedalsoin thespectrogramto
facilitatelabeling. The spectrogramcanbe zoomedin andout for
detailedor coarsespectrographicinformation.A contrastbaris also
available to tune the intensity contrastof the spectrogramto help
make decisionson theVTR values.To correcttrajectories,a labeler
simply needsto click on the desiredpointsanda local spineinter-
polationis implementedin thetool thatautomaticallysmoothesout
themodi�ed trajectoryto thevisualsatisfactionof thelabeler.

Figs.2 and3 aretwo examplesentencesto illustratethecorrec-
tion andlabelingprocessandresults.Bluedashedlines(F1,F2,and
F3, respectively) aretheinitial, automaticVTR trajectoryestimates
describedin [3] marked as“MSR” in legend. Manually corrected
versionsof themareshown asred solid lines (with 20 to 30 point
correctionspersentenceby manualmouseclicks followedby auto-
matic local splinesmoothing). For comparisonpurposes,we also
show the automaticF1/F2/F3trackingresults,asgreensolid lines,
from thepopularopensourcetool WaveSurfer, whichusesthesame
algorithmfor VTR/formanttrackingasESPS/xwavesintroducedin
[8].3 For mostof the vocalic portionsin the utteranceswherethe
“dark/highenergy” bandsin thewidebandspectrogramsareclearly
identi�able, bothautomatictrackersgiveratheraccurateresults.Ex-
ceptionsareoccasionalerrorsin 1) F3 for /r/ or /er/ whenF3 is low
andcloseto F2;2) F2for /uw/ or /w/ whenF2is low andcloseto F1;
and3) F2and/orF3for /y/ and/iy/ whenthey arecloseto eachother.

2Thisalgorithmis basedonaversionof thestructuredspeechmodelcon-
sistingof continuous-valuedhiddendynamicsandapiecewise-linearizedpre-
diction functionfrom resonancefrequenciesandbandwidthsto LPCcepstra.

3Softwaredownloadsite:http://www.speech.kth.se/wavesurfer.

Theseerrorsoccurmostlyduringrelatively rapidformanttransitions.

More dif�cult situationsarisefor the frameswherethereis a
lack of spectralprominencesor whenspectralprominencesdo not
coincidewith predictedresonancesfor consonantalsegments.In this
case,nominalconsonant-speci�cvaluesof VTRs(Chapter10in [2])
areprovided ascrudereferencesfor malespeakersasa guideline.
Thesevaluesareincreasedby approximately20%for femalespeak-
ers. To determinethe �nal labels,we alsomake useof the visible
VTR transitionsinto andoutof adjacentvocalicsegmentsto extrap-
olateto theconsonantalVTR “loci”. “Velarpinch” patterns(F2and
F3 comingtogether)areidenti�ed andusedfor labelingF2 andF3
valuesrelatedto velar consonants(/k/, /g/, /ng/) in the front-vowel
context. The overall spectralpropertiesacrossthe entiresentence
with a�x edspeakerareexploitedto equalizetheVTR valuesfor the
samephoneticunitsin thesentence;adjustmentsmaybemadebased
on analysisof contextual effects. For nasalconsonantsor nasalized
vowels, the “pole-zero-pole”patternin their spectrais analyzedif
suchapatternexists. In thiscase,the�nal VTR valuesmaybedeter-
minedby the frequencieswherespectralvalleys insteadof spectral
peaksoccur, especiallyif suchvaluesareconsistentwith thenominal
valuesbasedon prior knowledge.4 Examplesof someof theabove
analysesanddecisionsduring the VTR correction/labelingprocess
have beenincludedin Figs.2 and3.

4. CROSS-LABELER VARIATIONS

TheVTR labelingeffort of thedatabaseis distributedamongseveral
labelers.A problemthatnaturallyarisesis thepossibleinconsistency
amongthem. In dif�cult caseswherethe VTRs in a spectrogram
arenotobviousor areambiguous,themanuallylabeledVTR values
from differentlabelersoftendiffer from eachother.

In orderto assessthedegreeof suchinconsistency, independent
pair-wisecross-labelingis performedfor asubset(80 in total)of the
538 manuallylabeledutterances.Five pairsof labelersaremade,
with eachpair performingindependentcross-labelingof common
16utterances(includingtwo utterancesfrom separatefour maleand
four femalespeakers).Theabsolutedifferencebetweenthetwo dif-
ferentlabelersseparatedinto six broadphoneticclassesandinto F1,
F2,andF3,averagedoverall framesfor eachclass,is listedin Table
1. Themagnitudeof thevariationis somewhathigherthanwasex-
pected,warrantingadditionalcheckingfor possiblelabelingerrors.

Classes AbsoluteDiff perframe(Hz)
F1 F2 F3

vowels 55 69 84
semivowels 68 80 103
nasal 75 112 106
fricatives 91 113 125
affricatives 89 118 135
stops 91 110 116

Table 1. Averagedpair-wisecross-labelingabsolutedifferenceper
frame for F1, F2, and F3 and for eachof the six broadphonetic
classes(in Hz).

4This is an examplewherethe underlyingresonancesin the vocal tract
maynotcorrelatewith thespectralpeaksin thespeechsignal.



Fig. 1. Matlab-basedGUI labelingtool for manualVTR trajectorycorrectionandlabeling.
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Fig. 2. Spectrogramof aTIMIT utterance,His failure to openthestorebyeightcosthimhis job, superimposedwith theF1/F2/F3trajectories
corrected/labeledby hand(redsolid lines; “Manual” in legend)andfrom two automaticVTR trackers.Onetracker is describedin [3] (blue
dashedlines;“MSR” in legend),andtheotheris describedin [8] (greensolid lines;“Wavesurfer”in legend).

5. COMPUTING ERRORSIN AUTOMATIC TRACKING
ALGORITHMS

The538manuallylabeledutteranceswith F1,F2,andF3trajectories
in theVTR databasedescribedabove canserve asa basisfor quan-
titatively computingthe errorsproducedby existing VTR tracking
algorithms. The labeledtrajectoriesareusedas the referencesfor
determiningtheerrors.Weselectedthe“MSR” algorithmin [3] and
the “WaveSurfer”algorithm(footnote3) for analysis;the resulting
errorsare listed in Table 2. The errorsare de�ned to be the ab-
soluteVTR differencebetweenthereferenceandtheestimatedval-
uesaveragedover all framesfor a particularbroadphoneticclass.
We have usedsix suchbroadclassesde�ned in the TIMIT data-
base,with all segmentboundariesmadeavailable for frame aver-
aging.Comparedwith theinter-labelervariationshown in Table 1,
thedifferencein theerrorsmadeby thetwo algorithmsfor thesono-
rant speechclasses(vowels, semivowels, andnasals)appearsto be
relatively minor. Greaterdifferencesoccurfor theobstruentspeech
classes(fricatives,affricatives,andstops).

Wealsoexaminedtheerrorsof thetwo algorithmswhenlimiting
theerror-countingregionsto only theCV andVC transitions.The
“transition regions” are �x ed to be 6 frames,with 3 framesto the
left and3 framesto theright of CV or VC boundariesde�ned in the
TIMIT database.Thedetailedresultsarelistedin Table 3.

As a controlexperiment,we have correctedandlabeleda small
subset(about10%) of VTR trajectorieswhich are initialized from
theWavesurfer's outputsinsteadof MSR algorithm's outputs. The
differencesshown above are reduced,mainly for vowels and for

Classes MSR WaveSurfer
F1 F2 F3 F1 F2 F3

vowels 64 105 125 70 94 154
semivowels 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) measuredby averagingab-
soluteVTR differencesbetweenthereferenceandestimatedvalues
over all framesfor a particularbroadphoneticclass. Both the al-
gorithmsin [3] (MSR) andfor the WaveSurferalgorithmareused.
Resultsarelistedfor F1,F2,andF3,andfor eachof thesix phonetic
classesseparately.

semivowels. De�nite conclusionscan not be drawn until after a
largersetof thedatais labeled.

6. SUMMAR Y AND DISCUSSION

In thispaper, wereporton thedevelopmentof a soon-to-bepublicly
availabledatabasein which theVTR, or formant,trajectoriesarela-
beled.Weplanto havethedatabase,afterfurthercarefulveri�cation
andcorrection(which is currentlyon-goingat MSR),bepostedon-
line on our webpagesby the time of the ICASSP2006conference.
F1, F2, andF3 trajectories,at every 10-msecframe,of a represen-
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Fig. 3. SameasFigure2, exceptwith a differentTIMIT utterance:“We alwaysthoughtwe would diewith ourbootson”.

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 consonantto vowel (CV) transitionsandvowel to consonant
(VC) transitionsinsteadof onbroadphoneclasses.

tative subset(538 sentences)of the TIMIT corpuswith respectto
speaker, gender, dialectandphoneticcontext are labeled. The key
partof thedatabasecreationprocessis thedevelopmentanduseof
a softwarelabelingtool basedon high-resolutionspectralandtem-
poral displays. This enablesvisual identi�cation of, for example,
VTR or formantfrequency valuesin the spectrograms,typically in
vocalicspeechsegments.Whenambiguityarisesor whenno clear
“dark/high-energy bands”arevisible in thespectrograms,theunder-
lying resonancefrequencieshave to beinferredusinghumanexper-
tise to balancea numberof knowledgesources.In this paper, we
discussedmajorknowledgesourcesthatguidedour labelingprocess
while creatingthe VTR database,including the useof consonantal
VTR targets(or “loci”) andtheirgender-basedadjustment,theuseof
visible CV andVC transitionsfor extrapolation,consistency of the
within-utteranceVTR targetsandVTR valuesfor the samephone,
theadjustmentof targetsandVTR valuesbasedon contextual in�u-
encesandon possibletarget undershooting,the useof the distinct
“velar pinch” pattern,andthe effectsof nasalizationon pole split-
ting.

We report in this paperan exploratory useof the databaseon
quantitative assessmentof two commonautomaticVTR tracking
techniquesmeasuredby theiraveragedtrackingerrorsanalyzedwithin
eachof thesix broadphoneticclassesaswell asthoseduringCV and
VC transitions.Wealsoreportasmall-scaleexperimentwhereinter-
labelervariation (asan indicator of the quality of the database)is
examined.

A clearbene�t of theestablishedVTR databaseis in quantitative
andrigorousevaluationof existingandnew VTR or formanttracking
algorithmsandin fosteringthe futurehigh-qualityalgorithmdevel-
opment. In addition to this usein speechanalysisresearch,other
potentialusesof theVTR databasecanbeforeseenin differentareas
of speechprocessingaswell. In particular, theimportanceof theres-
onancesor formantsin speechperceptionmakesit desirableto incor-
poratetheminto speechrecognitionsystemseitherasnew features
in thediscriminative framework [7], or aspartof modelstructurein

thegenerative framework [4]. With a standarddatabasemadeavail-
able, the featureextractiontechniquesandrecognitionmodelscan
be betterdesignedor bene�cially initialized in automatictraining.
In formant-basedspeechsynthesis,the standarddatabasefor VTR
trajectoriesin speechwill alsohelpimprove theformant-generation
componentof thesystem,especiallyfor generatingnatural-styleut-
teranceswith varyingdegreesof phoneticreduction.
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