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Abstract

A new approacho speechmorphingis presentedvhich avoids the extractionof fundamental
andformantfrequenciesswell asthedetectiornf phoneor syllableboundariesAll prominent
spectralandtemporalfeaturesof the sourceandtargetutterancesreautomaticallyrelatedand
interpolated The methodconsistf threemainparts: LPC-basedource- lterdecomposition,
separaténterpolation,and compositionof the morphedspeectsignal. The paperfocuseson
thealignmentandinterpolationproblemson threespeectsignallayers:the timing structureon
aphone-andsyllable-level, the shapeof the frequeng spectrumincluding formantsandother
spectralproperties,and the micro-timing of the sourcesignal. Particularly the sourcesignal
alignmentandinterpolationis describedsinceit is mostcrucialfor the resultingquality of the
modi ed speectsignal. Thenew morphingprocedurevasappliedto utterancesakenfrom the
freely available CMU_ARCTIC speecltorpusandassesselly a perceptuaMOS experiment.
Preliminaryresultsindicatedan excellentacoustiocquality of the morphedspeectsignals.

1. Intr oduction

Whenin the 1941 movie versionof the famousstory
“Dr. Jekyll andMr. Hyde” by R.L. Sterensorthe rst visual
metamorphosisffectwasinstantiatedit attractedyreatat-
tentionandinspireda numberof Im-mak ersto applyand
improve this effect. But it took 47 years,until the 1988
movie “Willow”, to applythe rst fully digital visual mor-
phing effect. And until now acousticalmorphingand es-
pecially speechmorphingis still far from beinga standard
application.

Beforedescribingour new high-quality speectmorph-
ing methodwe shouldclarify its usefulnessn speectsci-
ence:lmportant ndings arebasedon investigatinghuman
interactionwith unrealstimuli (seee.g.McGurk andMac-
Donald1976).Speechmorphingtechniquesrewell suited
to createthoseunrealspeechstimuli which might be per
cevedasreal.

Another application of speechmorphing in stimu-
lus generationis to repeatwell-establishedexperiments
concerningcateyorical perception: insteadof e.g. creat-
ing formanttransitionsfor the well-known /ba/-/da/-/ga/-
experimentsby hand (Liberman, Delattre, and Cooper
1952),it would be interestingto usespeechmorphingbe-
tween naturally spolen syllables, thus retaining all un-
known cuesand interpolatingnot only thosecuesknown
to becrucial.

Finally, in concatenatie speectsynthesiswhereeach
desiredvoice hasto be recordedandprocessedbeforebe-
ing availablefor synthesizingiew utterancesmorphingbe-
tweena small numberof maleandfemaletarget spealers
de ning the cornersof a target "voice space'may be suf-
cientto createa largenumberof new, natural,andunfamil-
iar voices(Kain andMacon1998).

Visual morphing algorithms decomposepicturesinto
edgesandtextures,which thenareinterpolatedseparately
beforebeingreconstructed Accordingto our understand-
ing of speechmorphing,visualedgesorrespondo the ev-

ident formant structureand sggmentaltiming structureof
thetime-frequenyg ervelopeof speectwhile visualtextures
correspondo theexcitationsignalwith its fundamentatre-
queng andits spectralproperties.

1.1. SpeechMor phing vs.Voice Conversion

Speechmorphingand voice corversionare obviously
different: In the former casethe sourceandtarget signals
shouldbesufciently similarto becomeeasonablyligned
and interpolatedfor achieving new signals. In the latter
casea source-tagetrelationshipis learnedfrom a number
of (not necessarilysimilar) utterancegrom two spealers,
whichis thenusedto corvert unseersignalsof the source
spealertowardsthetargetspealer.

Glottal sourcecorversion (Mokhtari, Pfitzinger and
Ishi 2003; Mokhtari, Pfitzinger, Ishi, and Campbell2004)
or vocal tract warping aloneare neitherspeechmorphing
norvoice corversionsincemodifying only onecomponent
retainsthe characteristicef the sourcespealerin the other
componenbf thesource- Itermodel.

1.2. Two schoolsof speechsignal manipulation

Speechsignals can be modi ed in humerousways
(MoulinesandLaroche1995)but if boththevocaltractand
the glottal propertieshave to be changedat the sametime,
two very differentstratgiesarecommonlyused:

1. Pitch-Syn@ironousFourier SpectruniModi cation
FourierTransformatiofDFT/FFT)yieldsatime-frequeng
representationf the speectsignalwhich canbe modi ed
andre-corvertedinto a speechsignal. A constantanaly-
sis frame size (Moulines and Laroche 1995) or a pitch-
synchronousvindow techniqueis usedwhich allows for
efciently changingFO (Simon 1983; Tillmann, Schiefer
and Pompino-Marschalll984; Abe 1996; Kawaharaand
Matsui 2003). However, due to unavoidableerrorsintro-
ducedby Fourierspectrunmodi cation, theresynthesized
speectoftensuffersfrom audibleartifacts.
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Figure 1: Block diagramof the proposedmorphingtech-

nique. The only useradjustableparameter determines
theratio betweerthe sourceandtargetsignal.

2. Souce-Hlter Decomposition

Despitethe fact that the glottis andthe vocal tract arein-

teracting(Childersand Wong 1994), a decompositiorvia

LinearPredictive Coding(LPC) into a quasi-&citationsig-

nal and quasi-stationarylter coefcients enablesmean-
ingful modi cations. ChappellandHansen(2002, p. 352
and Fig. 4) recommendnterpolationof the residualsig-

nal andthe Line SpectrumPair (LSP) representatiosep-
arately Many recentapproacheso speechmorphingand
voice corversionstill usesource- Iterdecompositior{Val-

bret, Moulines,and Tubach1992; Mizuno and Abe 1995;
Ribeiroand Trancoscl996; Rinscheid1996; Orphanidou,
Moroz,andRoberts2003).

2. Method

The proposedspeechmorphing procedureis outlined
in Fig. 1. While the overall concepis straightforward,two
componentsirecrucialfor theresultingspeectsignalqual-
ity, namelythe vocal tractinterpolation(section2.3.) and
the excitationsignalinterpolation(section2.4.).

2.1. Source-Filter decomposition

The speectsignalsof the sourceandthetargetspealer
are sampledat 16 kHz, pre-emphasizedand LPC-trans-
formedto autor@ressie Iter coefcient polynomialsof
order18in stepsof 10msat a window sizeof 20ms.Then
the amplitude-normalizeduasi-ecitation signalsare esti-
matedby inverse ltering (seeleft partof Fig. 1).

2.2. Time-alignmentof two utterances

Sincethedurationsof syllablesandphonesusuallyvary
greatlyamongspealers,evenin repeateditterance®f the
samesentencethe rst stepof the modi cation process
(seemiddle partof Fig. 1) consistsn aligning correspond-
ing framesof bothutterances.

This is done by standardDynamic Time Warping
(DTW) usingthe local pathconstraintsshavn in the right
panelof Fig. 4. The autorgressie Iter coefcients are
transformednto statisticalZ -scoresof 32 frequeng bands
eachwith a bandwidthof 1 Bark andequally-spacedn a
Bark scalebetween200 Hz and 8 kHz. Preliminaryob-
senationsshavedthatthis spectralrepresentatiohasrea-
sonabldanter-spealer alignmentpropertiesvhenusingEu-
clideandistancemeasure.
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Figure2: Detailedblock diagramof the excitationinterpo-
lation method(seesection2.4.).

2.3. Inter polation of two fr equencyspectra

In (Pfitzinger 2004) we introduceda new DFW-based
spectralsmoothingtechniquewhich is usefulnot only for
reducingdiscontinuitiesn Concatenatie Speectsynthesis
but alsofor theinterpolationof correspondindramestaken
from two differentspealers.

It usesDynamic Programmingto nd the bestalign-
ment of the dervatives of two amplitude-normalized
Fourierspectraof LP-polynomials.This spectrarepresen-
tation shaws propertieswell-suitedfor DP alignmentsince
its overall slopeis at andeachpole is characterizedy
a zero-crossingaswell asa large local negative slope. A
searchspacerestrictionto 500 Hz along the frequengy
axisis sufcient for copingwith male-femaldormantfre-
queng differences.The morphedspectrunis achieved by
weightedlinear interpolationbetweenthe alignedspectral
linesof the sourceandthetargetframes.Finally, the spec-
trumis transformedackto autorgressie Iter coefcient
polynomials.

Line spectrunpair (LSP)interpolationwhichis known
to yield reasonableesults(Chappelland Hansen2002),
suffers from increasedformant bandwidthsand reduced
formant amplitudesin an interpolationrangeof 30-70%
betweerthe sourceandthetargetspectrum.

Our spectralinterpolationmethodis computationally
moreexpensve thanLSP-interpolatiorbut it alignsall for-
mantswith small bandwidthsperfectly while poleswith
largebandwidthsaremovedreasonablyo supportheover-
all spectralshape.Thusit creatednterpolatedspectranot
by merely cross-adingwhich is inappropriatdn a speech
morphingtask, but by more correctlyshifting the acoustic
resonanceharacteristics.

2.4,

As mentionedabove, the quality of ary speectmorph-
ing techniquestronglydepend®ntheamountof distortion,
aliasing,andotherartifactsintroducedby the particularex-
citationsignalinterpolation.Fig. 2 outlinesthemainstages
of our new interpolationprocedurewhich aredescribedn
thefollowing sections.

Inter polation of two excitation signals

2.4.1. Pre-processingf the residualsignals

Both LPC-derved residual signals (Fig. 1) are FIR-
high-passltered at 100 Hz (-12dB/oct)followed by inte-
grationto compensatéor lip radiationandtherebyobtain
guasi-acitationsignals.We usethetermquasi'to express
that thesesignalsare not necessarilyidentical to the real
excitationsignals.
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Figure 3: Alignment of 20ms-stretcheof amplitude-
normalizedexcitationsignalsfrom the malesourceandthe
femaletarget.

2.4.2. Frame selection

Initially, the very rst 40ms of both excitation sig-
nals are selectedfor further processing. Then, feedback
informationfrom the nal SOLA-basedrame-concatena-
tion stage(section2.4.6.) togetherwith the DTW-based
alignment-path(section2.2.) determineghe centerof the
next 40ms-frames.

2.4.3. Endpoint alignment by cross-cortelation

To guaranteea good match of the endpoints of
two frames two-dimensionakhort-termcross-correlations
(0.4mswindow size 7 samplespreestimatedver 20ms-
stretche®f the 40ms-framesTheseareright-justi ed and
Bartlett-windavedto favour an endpointnearto the 30ms
positionsandthusyield centere®0ms-framegFig. 5).

2.4.4. Dynamic Time Warping of the micro-structure
Fig. 4 shavstwo local pathconstraininethodsve com-
paredto align excitation signals. The methodwith seven

w=2.5w=2 w=1.5 w=

Figure4: Two differentlocal pathconstraintgestedin the
DP alignment. Left: The alignmentslopeis restrictedbe-
tween4:1 and1:4. Right: No sloperestrictionsbut high
preferencdor diagonalalignmentbecausell weightsare
setto 1.
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Figure5: 1stand2ndpanel: 20ms-framesgdark colors) au-
tomaticallyselectedor DP-alignmenfrom 40ms-stretches
of excitation signals. 3rd panel: Aligned parts of both
20ms-framesaligned sampleg(indicatedby lines joining
alignedsamples)and an interpolatedexcitation signal at
a50%-ratio. 4th panel: Correspondingxcitation samples
plottedaccordingo thelinesjoining alignedsamples.

predecessoreestrictedthe slopeof the alignmentpathto
aratio of 4:1 or 1:4 which corresponds$o a maximumf0
differenceof two octaresandthusshouldaccounfor most
situationswheretwo subjectgproducedhe samesentence.
Furthermorehis methodfavourscompressiomr expansion
of aglottal cycle ratherthanskippingpartof thecycle. But
informal perceptiorresultsshaved that skippingfractions
of cycles (seeFig. 3) is an advantageougproperty of the
methodwith only threepredecessorseducingthe amount
of jitter introducedby sourcesignalmodi cation.

2.4.5. Overlap-and-Add and weightedinter polation

An OLA (overlap and add) method appliedto very
shortstretchegsocalledgranulars) of bothsignalsaccord-
ing to themicro-alignmenpath(providedby the preceding
stage)ollowedby weightedinterpolationyieldedthe mor-
phedexcitation frames(seethird panelof Fig. 5). As the
fourth panelof Fig. 5 shows, the stretchesof both excita-
tion signalsarereasonablyligned.

It is notawvorthy thatwhile the closingphasds changed
extremely the steepnessf the negative sloperemainsun-
touched.Thevoicequalitywhichis remarkablysensitve to
this slopeseemdo be comparabldetweerboth spealers.
Informallisteningtestscon rmed thatbothspealersuseda
modalvoice.

2.4.6. SynchronousOverlap-and-Add (SOLA)
Thelast7msof thealready nished new excitationsig-
nal arecomparedvith the new framevia AMDF (average
magnitudedifferencefunctior) to nd the optimalconcate-
nation point. Our AMDF halves mamginal distanceghus
favouringtheminimizationof window-centralmismatches.
The previousandthe new signalarethenconcatenated
usinga linear cross-adingover 2msto avoid ary click ar
tifact. Usually, the precedingorocessingtepsyield frames
which t togetherquite well. Finally, the position of the
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Figure6: Oscillogramsandsonagram®f the utterancea0005(“Will we ever forgetit”) takenfrom the CMU_ARCTIC
speectcorpus. Top panel: Male spealer bdl. Bottompanel: Femalespealer sit. 2nd—4thpanel: 75%, 50%, and 25%

morphingbetweerthespealers.

new last sampleguidesthe selectionof the next 40ms-
frames(seesection2.4.2.)until the whole residualsignals
areprocessed.

2.5. Source-Filter reconstruction

Finally, the separatelynterpolatedexcitationsignaland
vocaltract Iter polynomialsarecomposedia autorgyres-
sive Itering andthende-emphasizetb obtainthemorphed
speectsignal(seeright partof Fig. 1).

3. Experiment

Our new morphing methodwas appliedto utterances
spolken by two spealers taken from the freely available
CMU_ARCTIC speeclcorpus! Thesignalshavn in Fig. 6
is availableon the welk? andwe stronglyencouragevery-
body to gain animpressionof the achiezed soundquality
by listeningto theexample.

It is remarkableghateventhecrossingof thesecondand
third formantwhich canbe obsenedin the bottompanelof
Fig. 6 atca.500msis evenly morphedo the moreambigu-
ousformantcomplex of themalespealerin thetop panel.

3.1. Preliminary Quality Assessment

To testtheacoustioquality of ournew speechmorphing
methodwe conducteda Mean Opinion Score(MOS) ex-
perimentwhereten subjectavereaskedto assesshe play-
backquality of randomlypresentedtimulusutterance®n
a scalefrom 1 (=excellen) to 6 (=poor). Theseutterances
consistetbf ve sentencesakenfrom the CMU_ARCTIC

http://festox.om/cmuarctic/
2http://www.phonetik.uni-muenchen.defpt/morphing/

speechcorpuswhich were spolen by a male (bdl) anda

femalespealer (slt). Additionally, for eachof thesepairs
1lintermediatautterancesvereestimatedisingour speech
morphingmethod.Eachutterancavaspresentedwice giv-

ing atotalof 130stimuli(5 (1+ 1+ 11) 2= 130.

3.2. Results

Fig. 7 shavs theresultsof this experiment.Eacherror
baris basedon 100 judgement410 subjectgimes5 utter
ancedimes2 repetitions) An ANOVA revealednoneof the
independentariablegto besigni cant. Sinceonly tensub-
jectstook partin the experimentwe regardtheseresultsas
preliminary But they surelyindicatethattheacoustiqqual-
ity of themorphedstimuli 2—12is only maminally reduced
comparedvith theoriginal stimuli 1 and13.
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Figure7: MeanOpinion Score(MOS) resultsof theacous-
tic quality of the stimuli (1=excellent 6=poor).



4. Discussion

The proposedmorphing methodextensiely usesDy-
namic Programmingechniquedo nd the alignmentsof
the speectsignalson threedifferentlayers: i) the timing
structureon a phone-andsyllable-lesel, ii) theshapeof the
frequeng spectrumincluding formantsand other spectral
properties,andiii) the micro-timing of the sourcesignal,
wherethelattermostlyin uencestheresultingspeecthsig-
nalquality. A furtherdecompositiorf theexcitationsignal
into harmonicandnoisecomponent$Childers1995;Yeg-
nanarayanaj'AlessandroandDarsinos1998)is currently
underinvestigation.

In our view, full voice corversiontechniquesare still
unusablein any demandingapplication. The problemto
be solved consistsnot only in nding the bestalignments
and artifact-freetime-scaleand frequeng-scaleinter- or
extrapolationmethods.It consistamainly in modelingthe
spealer's behaiour to expresshimself. His useof funda-
mentalfrequeng, of momentarilychangingvoicequalities,
of thereductionor insertionof phonesandevensyllables,
of allophonicvariants,etc.,is not only determinedoy the
phonessyllablesor wordshe produces.

The contet which determinesthe spealer's specic
choiceis wider thanonly the adjacentconstituents:it in-
cludesthespealer'sdialect,sociolectmood,andintention.
Supposinghatlistenersvould accepthesyntactic seman-
tic, and pragmaticstructureof the utterance(eventhough
they have a very good idea aboutwhich words a known
spealerwould probablysayor not), it is avery easytaskfor
themto recognizeinconsistencief the resultingprosodic
anddialectalpropertiesof thetargetutterance.n fact, lis-
tenersunconsciouslandcontinuouslyanalyseandcollect
extralinguisticinformationaboutthe spealer which is con-
veyed by the speechsignal. They canperfectly detectin-
consistencieaboutthespealer. Thereforethepoorspeech
signalquality of currentvoicecorversiontechniquess gen-
erally far from beingconsideredicceptable.

In contrastspeechmorphingis amuchsimplertaskbe-
causeboth the sourceas well asthe target utterancesre
given. All speechsggmentsand featureswhich mustbe
presenin themorphedspeectsignalarealreadypresenin
atleastoneof thetwo utterancesThus,morphingmethods
don't have to genemte any new excitationsignal,phone,or
syllable.Naturally, if thenumberof syllablesor thesyllable
structurediffers,thealignmentprocedures notguaranteed
to producearealisticresult(e.g.[a:s] vs.[sa:] whereanap-
propriateexcitation signalmorphingis simply impossible).
But ourmorphingprocedures e xible enoughto alsoyield
reasonableesultsin the caseof two linguistically different
utterancege.g.keenki:n] vs.clean[kli:n] or morningand
corner (Slang, Covell, andLassiter1996))andthusis —
asoriginally intended— a practicaltool for creatingnew
stimuli for categoricalspeectperceptiorexperiments.

5. Conclusions

A useful solutionto the problemof speechmorphing
was presented.The resultingspeechsignal quality is ex-
tremelyhigh andshaws only very few artifacts. Our solu-
tion might not be optimal in a computationakensesince
it is considerablyslowver than other methods. But this is

mainly causedy the higherdegreesof freedomwhich our
methodprovidesandwhich we claimto be necessaryor a
convincingsolutionto the problemof unsupervisednorph-
ing betweerary two utterances.
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