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Abstract

In aneffort to developtechniqueshatenhancalata-drven
techniquesn spealkr characterisatiofor speectsynthesisthis
paperdescribes methodfor automaticallydeterminingthelo-
cationof the closedphase(CP) of the glottal cycle, with sub-
sequentinear predictive (LP) analysison the CP speechdata.
Our approachto detectingthe CP is designedwith the inten-
tion of excludingintervalsthatarenot within the CPratherthat
accuratelocatingthe instantsof glottal closureandopening.
The indicatorusedis the log determinanbf the Kalmanfilter
(KF) estimateerrorcovariancematrix. The CPLP analysisap-
plies a Kalmanfilter to the CP dataonly by treatingthe open-
phasedataas “missing” and harnessinghe non-independence
of neighbouringCP spectra. The Kalmanfiltering processin
bothtechniquess refinedto accommodatemoothing Kalman
parametere-estimationhandlingof missingdata,andestima-
tion robustification.

1. Intr oduction

This work forms animportantpart of our currentresearchn
automaticspealer characterisatiomvhich is initially basedon
achieving an automaticdivision of the glottal excitation func-
tion andthe vocaltract (VT) filter. The division shouldfacil-
itate subsequeninodelling of both, which in turn shouldaid
manipulationjn pursuitof our goalof spealkr characterisation.

Spealkr characterisatiorhas important implications for
speecltsynthesisandspeechechnologyin general.As anex-
ample consideranautomatidnterpretingsystemwith aspealer
characterisatiomodulecapableof separatinghelinguisticin-
formationin the speectsignalfrom thatwhich is characteristic
of thespeakr. By allowing speakr-specificinformationto in-
putto the synthesisend,we will enjoy the benefitof translated
speectwhichis characteristiof thesourcespealer. Thisallows
thespeakrto maintaintheirindividualidentityacrosghetrans-
lation medium.Secondlyby remoring this speakr-specificin-
formationand consideringonly the linguistic-relatednforma-
tion asinputto thespeechecognitionmodule we mightexpect
ahigherrecognitionrate.

[1] identify multilingual, multi-spealkr, and multistyle
speechsynthesisas importanttrendsin text-to-speech(TTS)
applicationsWith recentadwancesdn data-dvenlearning they
pointto theneedfor “at leastsemi-automatitechniquesin or-
derto collectthe necessargatafor theseapplications[2] also
bemoanghe “lack of satishctory methodsfor continuousand
automaticextractionof voice sourceparameters”.Currentau-
tomatictechniqueffer limited successn estimatef pitch,

glottal eventsandvocaltractshapelmprovementsarefoundin
usingpitch-synchronouanalysis but while this type of analy-
sisgenerallyrelieson manualintervention,the potentialof au-
tomationis undeniablyimmense [3] alsoclaim thatwhereau-
tomatictechniquesave beenusedfor source-filterseparation,
they have beenfoundto work well with modalmalevoicesonly
andthey suggesthatmorereliablealgorithmsshouldbedevel-
opedfor femaleandpathologicaloices.We hopethatourwork
hereis a major steptowardsaddressinghesecomplaints.

The outline of the paperis asfollows. Firstwe outlinethe
topic background Thenwe briefly review the principlesof the
Kalmanfilter and how we apply it to speechanalysisasfirst
reportedin [4]. We thenstepthroughthe methodfor automat-
ically locatingclosed-phasdata. We illustrateresultsfor both
syntheticandreal speech.

For concretenesghe discussionbelov will focuson lin-
earpredictorcoeficientsasVT filter parameterslthoughother
representationarepossible.In the plotswhichwe useto illus-
trateourresults thex-axesrepresensamplenumbersat 16kHz,
andratherthanplotting LP coeficient trajectorieswe plot the
formantsasobtainedfrom the rootsof the characteristiqoly-
nomials.

2. Background
2.1. Linear Prediction and InverseFiltering

Separatiomf theglottalexcitationfrom theVT tractparameters
is quiteacommongoalandchoiceof methodwill oftendepend
on the purposeof the separation.However, it is typically per
formedusingaform of LinearPredictve Coding(LPC)[5].

Cornventional fixed-frame pitch-asynchronoud PC [5],
typically usingthe autocorrelatioomethod,builds uponthe as-
sumptionthattheVT articulatorsareslowly andsmoothlyvary-
ing, andso performsanalysisover anumberof pitch periods.

However, becausdixed-frameanalysiss performedduring
excitation and openphasesf the glottal cycle, thereare two
adwerseeffects on the estimationof the VT filter parameters
whentheglottisis open.

Firstly, the vocaltracttubeis no longeropenat oneend—
invalidatingtheLP model. Sowhentheglottisis open,coupling
takesplacewith thesubglottalcavity introducingsubglottakes-
onancesandantiresonance® the spectrum.Theseare supef
imposedon the supraglottalspectrum. The typical effects of
this sub-glottalinterferenceare to reduceformantfrequencies
while increasingormantbandwidthg6]. Thus,if the periodof
analysisis over both closedandopenglottal phasestherewill
be a smearingor averagingof the parametersandconsequent
lossof spealkr-characteristiénformationwhenwe inversefilter
with theseparameters.



Secondly the speechis no longerexcitation-free. LP au-
toregressie (AR) analysistechniguesasssumezero-mearinput
to the VT filter. This assumptioris no longervalid while the
glottisis open.

2.2. Glottal ClosedPhaseAnalysis

In aneffort to circumwenttheseproblemsit is arguedthatif the
analysisis performedonly during the closedphase whenthe
speechis theoreticallyan excitation-freedecayingoscillation,
andtheresonancesf only the supraglottaMT areresponsible
for theseoscillations,we canmore accuratelyparametrisehe
VT resonancef/].

However, closed-phaseovarianceanalysisreliesonalim-
ited numberof samplepoints; specifically it requiresan anal-
ysiswindow at leastthe sizeof the analysisorder which often
malesit unsuitableor analysisof femalevoices.

Closed-phaseovariance analysisalso assumesconstant
parametergduring the closed phase,and fails to exploit the
non-independenaef neighbouringspectra.Fixed-framepitch-
asynchronouanalysisexploits this non-independendgy using
overlappingirames put, aswe have alreadyclaimed,introduces
spectrabveragingdistortions.

2.3. Stationarity and the Non-independenceof Neighbour-
ing Analysis Inter vals

During the analysisintervals of the autocorrelatiorandcovari-
ancemethods the signalis assumedo be stationaryi.e. the
LP coeficients do not change. This is a reasonablessump-
tion during the steady-stat@ortion of a phone. However, dur
ing transitionsthe stationarityassumptiorbecomedessvalid.
Thetypical autocorrelatioriramesizeis 20-40ms.During this
time considerablehangesn thefilter spectrummayoccur for
whichtheautocorrelationmethodwill simply presentan“aver-
age”spectrum.

Applying the covariancemethodpitch-synchronouslgur-
ing the glottal closedphase(CP) should producemore accu-
rateestimatesiuring non-stationaryartsof the speechsignal.
However, becausé¢he estimatesrebasedon a relatively small
numberof samplesthey have alargererrorcovarianceandthe
estimategparametersanvary widely from CPto CP

Efforts have beenmadeto addresshis issue. [6] usea
“multicycle covariancemethod”which averagesovariancees-
timatesover anumberof consecutie periods.[8] and[9] apply
linearmodellingto the dynamicsof the formants.

2.4. Glottal ClosedPhaseDetection

When a closedphaseof the glottal cycle is assumedo exist,
attemptshave beenmadeto locatethe CPin orderto perform
covarianceLP analysis. Theseapproachegan be classedas
singlechannelnalysisor dualchanneknalysis.
Singlechannehnalysisusesonly thespeectsignaltolocate
theclosedphase However, becausef thedifficulty in locating
theglottal openingmary of thesetechniquese.g.[10, 11], rely
on simply estimatingthe instantof glottal closure(IGC) and
assuminghatanad-hocchoiceof post-IGCinterval lengthwill
lie within the closedphase Thesdengthsaregenerallychosen
to beeither: afixed constaniengthe.g. 2ms;or a percentage
of the pitch period,e.g. 30%. OthermethodsJike thatof [7],
rely on appropriatehresholddeingapplied.
Themethodghatrely onusingthespeectsignalalonehave
provedunreliablein locatingthe closedphase Consequentlyit
hasbeenfairly commonfor studiesandanalysego usea dual-

X = estimate #£(x)

p(x)
ﬂ’ = E (estimate error)

Figurel: 1-dimensionaprobability distribution p(x) of coefi-
cientsetx.

channelapproacH12, 13], wherealaryngographs usedto lo-
catethe closedphase However, thiswill notbeappropriatdor
speectanalysisoutsidelaboratoryconditions.

2.5. Conclusion

ConventionalLP analysismethodscarrymary limitations. Our
work aspresentedn [4] overcomegheseshortcomingdy har
nessingthe non-independencef neighbouringclosed-phase
spectraand consequentlycompensatindor small numbersof
availableclosed-phassamplepoints. This makesit suitablefor
theanalysisof higherpitchedfemalespeectwherethe smaller
numberof closed-phaséatapointsavailablein a single pitch
periodis compensatedy shorteraccompaying openphases
and a greaternumberof closedphaseger unit time. This is
becauseherateof movementof thearticulatorss independent
of thefundamentafrequenyg of excitation. The methodis also
dynamicin thatit doesnotassumestationarityover anintenal.
We review thetechniquen Section3.

In [4], wereliedonanlaryngograptsignalto determinehe
glottal closedphasehowever thisis not considereappropriate
for automationlt is desirabldo beableto determingheclosed
phasedirectly from the speechsignal. Our automaticapproach
to this problemis outlinedin Sectiord.

3. Closed-Phas&alman Filtering of
Speech

3.1. Kalman Filtering

KF [14] permitsuseof pastmeasurement® producea priori
estimatedor predictionand correspondingonfidencegauges
of the subsequera posterioriestimatesThe state-spacequa-
tionsaregivenas:

n=12,...,N (1)

wheres,,, the measurement, is the speechat time n; x,, the
state, is the setof p LPC predictorcoeficients, [a1 . . . ap]”
which arelinearly relatedto s, by H,, a numberof preceding
points[sp—1 ... Sn—p]; vn iS the measurementoise,assumed
Gaussiamwith probabilitydistribution p(v) ~ N(0, R).

Sn = HpXpn + vn

n=12,...,N (2)

where® directsthe currenta posterioristateestimateto the
a priori estimateof the stateat the next time step; w,, is the
processoise, with probability distribution p(w) ~ N (0, Q).

While we trackx,, ,we alsomaintaina confidencaneasure
in the form of an error covariancematrix, P,,, which is also
updatedat eachstage(seeFiguresl and?2).

Xp = Bxp_1 + Wp
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Figure2: Kalmanfiltering with robustificationscheméor using
only closed-phasdata.

.

The Kalmanfilter recursvely baseshe currentprediction
on all pastmeasurementsln updatingthe stateestimate x,,,
the smallerthemeasuremergrrorvarianceR, the moretrustis
placedin the actualmeasurement,,. Corversely asthe mea-
surementrrorvarianceR outweighsthe a priori measurement
estimateerrorvarianceH,, P, HZ | moretrustis placedin the
a priori predictedmeasuremerH, x,, thanin the actualmea-
surement.

3.2. Kalman Parameter Reestimation

Thereis alsothe practicalissueof choosingthe initial values
of the KalmanparametersWe usean EM iterative technique
[15] which having madea forward-backward iterationthrough
theall the data,presentappropriatanitial filter parametewval-
uesfor ®, Q, R (the threeKalmanparametersvhosevalues
aremostimportant),andxy, for usein the next iteration. The
techniqueis basedon the Kalmanforward equationg14] and
the Rauch-Ting-Streibebackward equationg16]. During the
forwardpartof eachiteration,alog-likelihoodscorecanbecal-
culatedandis guaranteedb increase.

While corvergenceds guaranteedsingthistechniquecare-
ful choice of the initial parameterson the first iteration can
greatly reducethe numberof further iterationsnecessaryor
corvergence.Theinitial valuesof ®, Q, R usedin the closed
phaseanalysisarederived from thefirst passthatis usedto lo-
catetheclosedphasesThisis discussedh Sectiord.2.

Unlike [17, 18], reestimationof € allows us to predict
movementof the predictorcoeficientsfrom pointto point us-
ing anon-identitymatrix. In otherwords,ratherthanattributing
ary changein the coeficients solely to noiseor error, we are
ableto reducethe uncertaintyby capturinga certainamountof
predictablenovementin a non-identitymatrix.

3.3. Robustification and Missing Data

We canrohustify our estimatedy excluding “undesirable’sec-
tions of data. In CP analysiswe wish to excludenon-CPdata.
Reasonablestimatezanbe madethroughsectionsof missing
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Figure3: Architectureof closed-phasKalmanfilter linearpre-
diction system.

dataaslong asthereareno significantchangef directionin
theunderlyingprocessiuringthetheinterval wherethe datais
missing.

For example, when we chooseto use only closed-phase
data,we canexclude otherdatapointsby usingthe systemas
in the flow chartof Figure2. The estimatedor excluded-data
intervalsaresimply ®x,,—1, theapriori stateestimatesvithout
measurementpdateuncertaintyis addedo eachsuchestimate
by addingQ to ®P,,_, &7 —i.e. theapriori estimateerrorco-
variance.

The architectureof our closed-phas&almanfilter linear
predictionsystemis sketchedin Figure3.

4. Glottal ClosedPhaselocation

We shallnow shav how Kalmanfiltering canbe appliedto the
problemof locating closedphasesamples. We begin by dis-
cussingthe preprocessingf the speectsignal.

4.1. Preprocessing

Firstly, fixed-framdinearpredictionanalysisusingtheautocor
relationmethodis performedon the preemphasisespeectsig-
nal. We theninversefilter to obtaina fixed-frameresidual.

The residualis thenrectified and then moving-medianfil-
teredto exclude the large impulseswhich occur at points of
excitation. We thencalculatethe power of the median-filtered
signal. This power valuewill sene asaninitial estimatefor the
KalmanparameteR,, - thevarianceof themeasurememoise.
In otherwords,we have initially guessedhenoise,or error, el-
ementof our AR modelledspeecho bethatof thefixed-frame
residualwith the excitatoryimpulsediltered out.

We would like the analysisto be robustagainsthe excita-
tory spikesthattendto throw theestimatiorprocesutof step.
Thiswasaweaknes previousapproachefl7, 19] whichpro-
ducedstaggeredarametetrajectories. [18] introducessome
robustnesdo the algorithmto counteracthe influenceof the
glottal closureon the parameteextraction.

As exploredin [20], we chooseo usea 3-sigmahardrejec-
tion robustnes<riterion—i.e. we ignoredataat samplepoints
wherethe a priori measuremengrror exceeds3 timesthe ex-
pectederror (i.e. 3v/R). Thesedatapointsaretreatedasmiss-
ing (seeSection3.3).



4.2. Initial Kalman Parameters

& was chosenas the identity matrix as we assumeno prior
knowledgeof the VT parametetrajectories,meaningwe ini-
tially assumehatthey remainapproximatelfthesamerom one
sampleto the next.

Q was empirically setto a diagonalmatrix: diag(s x
10~%), which is large enoughto allow significantvariationin
theLP parameters.

TheLPC coeficients,xo, weresetto zero;theinitial esti-
mateerrorcovariance Py, is fixed throughoutheiterationsat
areasonabl®aselindevel whichwe setatdiag(5 x 107°)*.

R is mostdependenbn the particularspeechbeing anal-
ysedin thatit will dependgreatlyon theintensityof thesignal.
Thereforethisis derivedfrom the power in the median-filtered
rectifiedfixed-frameresidualasdiscussedh Sectior4.1.

We mentionedin Section3.2 that careful choiceof initial
Kalmanparametewraluescanhelp speedup convergence. For
our purpose®f closedphasedeterminationye foundthatour
initial valuesrequiredonly two forward-backvard iterationsto
provide satishctoryresults— andwhich did notimprove signif-
icantly on subsequeriterations.

For closedphaseanalysiswe usecdthreeiterations.Theini-
tial valuesof ®, Q andx, usedin the CP analysispasswere
obtainedrom reestimatiorafterthelastiterationof theCPloca-
tion pass.R is takento bethepowerin theresidualasobtained
from the the lastiterationof the CP locationpass)over all the
CPsasdeterminedy our method.

4.3. Discussionand Results

Initially, dueto the ability of the Kalmanfilter to trackdynam-
ics, weexpectedo find variationin theformants(obtainedrom
root-solvingthe predictorpolynomial)consistentvith the glot-
tal openand closedphases.However, we found thatthe vari-
ation, while existent,wasinconsistenacrosshe formants(see
Figure4).

We then, as[21] did, looked to the covarianceof the es-
timate error, whereagainwe found variation. In an attempt
to gaugethe magnitudeto the error covariance,we calculated
the determinantof the a posteriorierror covariancematrix at
eachsampletime. While we found significantvariationssyn-
chronouswith theopenandclosedphasesthe magnitudeof the
variationsrequiredusto applyalog operation.

We also found that there tendedto be considerabldow-
frequeny drift on the log-determinanfunction. To eliminate
this and presere the local variations,we applieda high-pass
filter whosecutoff frequeny wasa function of the local pitch
periodasestimatedrom the methodof [22].

Wethenapplya“< p — o” thresholdingeriterion,wherep
is alocalmeanando is alocal standardleviation from a win-
dow which is madeequalto thelocal pitch period. In previous
studiese.g. [12], a“ <50%" thresholdis usedon the laryngo-
graphsignalin decidingtheboundarie®f theclosedphaseWe
optherefor amoreconserative “ < p — ¢” which provedto be
apractical-yet-saferiterion.

Examplesof the resultswe obtainare found in Figures5
and6.

Examplesof resultsof the subsequentlosed-phasanaly-
sisareplottedin Figures7 — 10. It shouldbe notedthatfor the
durationof a sggment,®,,, Q., R,, arekeptconstant.Thisis
reasonabléor a shortsegmentof speech like a monophthong

1We planto carryoutfurtherstudieson morerobustchoicesof these
baselinevalues.
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Figure7: DGF estimationfrom syntheticmalespeech.

or diphthong.However, time-varying valuesof the Kalmanpa-
rametersshouldideally be usedover longer segmentsof con-
tinuousvoicedspeechThisis highlightedin Figure8 where®
causes deteriorationin trackingat the beginning of the seg-
mentandduringthe openphasesvhereit is responsibldor in-
terpolatingestimatesParametetrajectoriesvith sharpturning
pointsor unnaturallystraighttrajectoriesnayalsoposedifficul-
tiesfor ®. Fortunately we canexpectsmoothetrajectoriesn
realspeect(seeFigure9).

5. Conclusion
5.1. CP Location

It is clear that an approachthat is automatic,usesonly the
speechsignal, and definesan appropriatebeginning and end
to the closedphasewill beanimportantadvanceonthe current
stateof affairs. Our novel techniquenasthesequalities.

5.2. CP Analysis

We have highlighted the flaws associatedvith corventional
methodsof LP analysis.Fixed-frame(autocorrelatiormethod)
analysisaveragesover several successie glottal cycles, aver-

agesover closedandopenphase®f the glottal cycle, anddoes
not handlenon-stationarityvell. CorventionalCP (covariance
method)analysismakesindependengestimategor eachCPR, re-
quiresa certainnumberof CP datasamplesn eachCP, andis

oftenunsuitablefor femaleanalysis.
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Figure 8: Formant estimationfrom synthetic male speech.
Bandwidthdelimitersare shavn with thin lines. Lighter lines
representrueformants;darker represenestimates.
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Ourmethodovercomegheseandoffersaccurateseparation
of sourceandfilter, smoothtrajectoriegshateasemodelling,and
setsa solid foundationfor tackling speakr characterisatiofor
speectsynthesis.

6. Future Work

In CPlocation,the determinanof the estimateerrorcovariance
is influencedby the magnitudeof the speectsignal. We would
like to remore this dependencasingsomeform of normalisa-
tion. Ourinitial attempts|ike thoseof [21], hase not produced
resultsof ary significance Furtherinvestigationis desirable.
The researchto date hasbeenprimarily on vowels. We
would like to extend our investigationgo other sounds- par
ticularly thosethatrequireARMA analysissuchasnasals.
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