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Abstract
A new approachto speechmorphingis presentedwhich avoids theextractionof fundamental
andformantfrequenciesaswell asthedetectionof phoneor syllableboundaries.All prominent
spectralandtemporalfeaturesof thesourceandtargetutterancesareautomaticallyrelatedand
interpolated.Themethodconsistsof threemainparts:LPC-basedsource-�lterdecomposition,
separateinterpolation,andcompositionof the morphedspeechsignal. The paperfocuseson
thealignmentandinterpolationproblemson threespeechsignallayers:thetiming structureon
a phone-andsyllable-level, theshapeof thefrequency spectrumincluding formantsandother
spectralproperties,andthe micro-timing of the sourcesignal. Particularly, the sourcesignal
alignmentandinterpolationis describedsinceit is mostcrucial for theresultingquality of the
modi�ed speechsignal.Thenew morphingprocedurewasappliedto utterancestakenfrom the
freely availableCMU ARCTIC speechcorpusandassessedby a perceptualMOS experiment.
Preliminaryresultsindicatedanexcellentacousticqualityof themorphedspeechsignals.

1. Intr oduction
When in the 1941 movie versionof the famousstory

“Dr. Jekyll andMr. Hyde”by R.L. Stevensonthe�rst visual
metamorphosiseffectwasinstantiated,it attractedgreatat-
tentionandinspireda numberof �lm-mak ersto applyand
improve this effect. But it took 47 years,until the 1988
movie “Willow”, to applythe�rst fully digital visualmor-
phing effect. And until now acousticalmorphingandes-
peciallyspeechmorphingis still far from beinga standard
application.

Beforedescribingour new high-qualityspeechmorph-
ing methodwe shouldclarify its usefulnessin speechsci-
ence:Important�ndings arebasedon investigatinghuman
interactionwith unrealstimuli (seee.g.McGurk andMac-
Donald1976).Speechmorphingtechniquesarewell suited
to createthoseunrealspeechstimuli which might be per-
ceivedasreal.

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

Finally, in concatenative speechsynthesis,whereeach
desiredvoice hasto be recordedandprocessedbeforebe-
ing availablefor synthesizingnew utterances,morphingbe-
tweena small numberof maleandfemaletarget speakers
de�ning thecornersof a target`voicespace'maybesuf�-
cientto createa largenumberof new, natural,andunfamil-
iar voices(Kain andMacon1998).

Visual morphing algorithmsdecomposepictures into
edgesandtextures,which thenareinterpolatedseparately
beforebeingreconstructed.Accordingto our understand-
ing of speechmorphing,visualedgescorrespondto theev-

ident formantstructureandsegmentaltiming structureof
thetime-frequency envelopeof speechwhile visualtextures
correspondto theexcitationsignalwith its fundamentalfre-
quency andits spectralproperties.

1.1. SpeechMor phing vs.VoiceConversion

Speechmorphingand voice conversionare obviously
different: In the former casethe sourceandtarget signals
shouldbesuf�ciently similar to becomereasonablyaligned
and interpolatedfor achieving new signals. In the latter
casea source-targetrelationshipis learnedfrom a number
of (not necessarilysimilar) utterancesfrom two speakers,
which is thenusedto convert unseensignalsof thesource
speaker towardsthetargetspeaker.

Glottal sourceconversion (Mokhtari, Pfitzinger, and
Ishi 2003;Mokhtari, Pfitzinger, Ishi, andCampbell2004)
or vocal tract warpingaloneareneitherspeechmorphing
nor voiceconversionsincemodifying only onecomponent
retainsthecharacteristicsof thesourcespeaker in theother
componentof thesource-�ltermodel.

1.2. Two schoolsof speechsignalmanipulation

Speechsignals can be modi�ed in numerousways
(MoulinesandLaroche1995)but if boththevocaltractand
theglottal propertieshave to bechangedat thesametime,
two verydifferentstrategiesarecommonlyused:

1. Pitch-SynchronousFourier SpectrumModi�cation
FourierTransformation(DFT/FFT)yieldsatime-frequency
representationof thespeechsignalwhich canbemodi�ed
and re-convertedinto a speechsignal. A constantanaly-
sis frame size (Moulines and Laroche1995) or a pitch-
synchronouswindow techniqueis usedwhich allows for
ef�ciently changingF0 (Simon1983; Tillmann, Schiefer,
and Pompino-Marschall1984; Abe 1996; Kawaharaand
Matsui 2003). However, due to unavoidableerrorsintro-
ducedby Fourier-spectrummodi�cation, theresynthesized
speechoftensuffersfrom audibleartifacts.
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Figure1: Block diagramof the proposedmorphingtech-
nique. The only user-adjustableparameter! determines
theratiobetweenthesourceandtargetsignal.

2. Source-Filter Decomposition
Despitethe fact that the glottis andthe vocal tract are in-
teracting(ChildersandWong 1994),a decompositionvia
LinearPredictiveCoding(LPC) into aquasi-excitationsig-
nal and quasi-stationary�lter coef�cients enablesmean-
ingful modi�cations. ChappellandHansen(2002,p. 352
and Fig. 4) recommendinterpolationof the residualsig-
nal andthe Line SpectrumPair (LSP) representationsep-
arately. Many recentapproachesto speechmorphingand
voiceconversionstill usesource-�lterdecomposition(Val-
bret,Moulines,andTubach1992;Mizuno andAbe 1995;
RibeiroandTrancoso1996;Rinscheid1996;Orphanidou,
Moroz,andRoberts2003).

2. Method

The proposedspeechmorphingprocedureis outlined
in Fig. 1. While theoverall conceptis straightforward,two
componentsarecrucialfor theresultingspeechsignalqual-
ity, namelythe vocal tract interpolation(section2.3.) and
theexcitationsignalinterpolation(section2.4.).

2.1. Source-Filter decomposition

Thespeechsignalsof thesourceandthetargetspeaker
are sampledat 16 kHz, pre-emphasized,and LPC-trans-
formed to autoregressive �lter coef�cient polynomialsof
order18 in stepsof 10msat a window sizeof 20ms.Then
theamplitude-normalizedquasi-excitationsignalsareesti-
matedby inverse�ltering (seeleft partof Fig. 1).

2.2. Time-alignmentof two utterances

Sincethedurationsof syllablesandphonesusuallyvary
greatlyamongspeakers,evenin repeatedutterancesof the
samesentence,the �rst stepof the modi�cation process
(seemiddlepartof Fig. 1) consistsin aligningcorrespond-
ing framesof bothutterances.

This is done by standardDynamic Time Warping
(DTW) usingthe local pathconstraintsshown in the right
panelof Fig. 4. The autoregressive �lter coef�cients are
transformedinto statisticalZ -scoresof 32 frequency bands
eachwith a bandwidthof 1 Bark andequally-spacedon a
Bark scalebetween200 Hz and 8 kHz. Preliminaryob-
servationsshowedthatthis spectralrepresentationhasrea-
sonableinter-speakeralignmentpropertieswhenusingEu-
clideandistancemeasure.

Select
new

Frames

20ms
Frame

40ms
FrameResidual

Target
Residual

20ms
Frame

40ms
Frame

SOLA Result
Residual

Source

Next Frame Position

Max.
Cross-
corre-
lation

O
LA

 a
nd

 w
ei

gh
te

d
In

te
rp

ol
at

io
n

DTW

Figure2: Detailedblock diagramof theexcitationinterpo-
lationmethod(seesection2.4.).

2.3. Inter polation of two fr equencyspectra

In (Pfitzinger2004)we introduceda new DFW-based
spectralsmoothingtechniquewhich is usefulnot only for
reducingdiscontinuitiesin ConcatenativeSpeechSynthesis
but alsofor theinterpolationof correspondingframestaken
from two differentspeakers.

It usesDynamic Programmingto �nd the bestalign-
ment of the derivatives of two amplitude-normalized
Fourierspectraof LP-polynomials.This spectralrepresen-
tationshows propertieswell-suitedfor DP alignmentsince
its overall slopeis �at and eachpole is characterizedby
a zero-crossingaswell asa large local negative slope. A
searchspacerestrictionto � 500 Hz along the frequency
axis is suf�cient for copingwith male-femaleformantfre-
quency differences.Themorphedspectrumis achievedby
weightedlinear interpolationbetweenthe alignedspectral
linesof thesourceandthetargetframes.Finally, thespec-
trum is transformedbackto autoregressive�lter coef�cient
polynomials.

Line spectrumpair(LSP)interpolation,whichis known
to yield reasonableresults(Chappelland Hansen2002),
suffers from increasedformant bandwidthsand reduced
formant amplitudesin an interpolationrangeof 30–70%
betweenthesourceandthetargetspectrum.

Our spectralinterpolationmethodis computationally
moreexpensivethanLSP-interpolationbut it alignsall for-
mantswith small bandwidthsperfectly, while poleswith
largebandwidthsaremovedreasonablyto supporttheover-
all spectralshape.Thusit createsinterpolatedspectranot
by merelycross-fadingwhich is inappropriatein a speech
morphingtask,but by morecorrectlyshifting theacoustic
resonancecharacteristics.

2.4. Inter polation of two excitation signals

As mentionedabove, thequality of any speechmorph-
ing techniquestronglydependsontheamountof distortion,
aliasing,andotherartifactsintroducedby theparticularex-
citationsignalinterpolation.Fig. 2 outlinesthemainstages
of our new interpolationprocedurewhich aredescribedin
thefollowing sections.

2.4.1. Pre-processingof the residualsignals
Both LPC-derived residual signals (Fig. 1) are FIR-

high-pass�ltered at 100 Hz (-12dB/oct)followedby inte-
grationto compensatefor lip radiationandtherebyobtain
quasi-excitationsignals.Weusetheterm`quasi' to express
that thesesignalsare not necessarilyidentical to the real
excitationsignals.
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Figure 3: Alignment of 20ms-stretchesof amplitude-
normalizedexcitationsignalsfrom themalesourceandthe
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-basedframe-concatena-
tion stage(section2.4.6.) togetherwith the DTW-based
alignment-path(section2.2.) determinesthe centerof the
next 40ms-frames.

2.4.3. Endpoint alignment by cross-correlation
To guaranteea good match of the endpoints of

two frames,two-dimensionalshort-termcross-correlations
(0.4mswindow size� 7 samples)areestimatedover 20ms-
stretchesof the40ms-frames.Theseareright-justi�ed and
Bartlett-windowedto favour anendpointnearto the30ms
positionsandthusyield centered20ms-frames(Fig. 5).

2.4.4. Dynamic Time Warping of the micro-structure
Fig.4 showstwo localpathconstraintmethodswecom-

paredto align excitation signals. The methodwith seven
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Figure4: Two differentlocal pathconstraintstestedin the
DP alignment.Left: The alignmentslopeis restrictedbe-
tween4:1 and1:4. Right: No sloperestrictionsbut high
preferencefor diagonalalignmentbecauseall weightsare
setto 1.

20 40 60 80 100 120 140

�0.5

0

0.5

Alignment path index

A
m

pl
itu

de

�0.5

0

0.5

A
m

pl
itu

de

�0.5

0

0.5

A
m

pl
itu

de

0 5 10 15 20 25 30 35 40
Time [ms]

Figure5: 1stand2ndpanel:20ms-frames(darkcolors) au-
tomaticallyselectedfor DP-alignmentfrom 40ms-stretches
of excitation signals. 3rd panel: Aligned parts of both
20ms-frames,alignedsamples(indicatedby lines joining
alignedsamples),andan interpolatedexcitation signal at
a 50%-ratio.4th panel: Correspondingexcitationsamples
plottedaccordingto thelinesjoining alignedsamples.

predecessorsrestrictedthe slopeof the alignmentpath to
a ratio of 4:1 or 1:4 which correspondsto a maximumf0
differenceof two octavesandthusshouldaccountfor most
situationswheretwo subjectsproducedthesamesentence.
Furthermorethismethodfavourscompressionor expansion
of aglottal cycle ratherthanskippingpartof thecycle. But
informal perceptionresultsshowedthat skippingfractions
of cycles (seeFig. 3) is an advantageouspropertyof the
methodwith only threepredecessors,reducingtheamount
of jitter introducedby sourcesignalmodi�cation.

2.4.5. Overlap-and-Add and weightedinterpolation
An OLA (overlap and add) methodapplied to very

shortstretches(socalledgranulars) of bothsignalsaccord-
ing to themicro-alignmentpath(providedby thepreceding
stage)followedby weightedinterpolationyieldedthemor-
phedexcitation frames(seethird panelof Fig. 5). As the
fourth panelof Fig. 5 shows, the stretchesof both excita-
tion signalsarereasonablyaligned.

It is noteworthy thatwhile theclosingphaseis changed
extremely, thesteepnessof thenegative sloperemainsun-
touched.Thevoicequalitywhichis remarkablysensitiveto
this slopeseemsto becomparablebetweenbothspeakers.
Informal listeningtestscon�rmed thatbothspeakersuseda
modalvoice.

2.4.6. SynchronousOverlap-and-Add (SOLA)
Thelast7msof thealready�nished new excitationsig-

nal arecomparedwith thenew framevia AMDF (average
magnitudedifferencefunction) to �nd theoptimalconcate-
nation point. Our AMDF halvesmarginal distancesthus
favouringtheminimizationof window-centralmismatches.

Thepreviousandthenew signalarethenconcatenated
usinga linearcross-fadingover 2msto avoid any click ar-
tifact.Usually, theprecedingprocessingstepsyield frames
which �t togetherquite well. Finally, the positionof the
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Figure6: Oscillogramsandsonagramsof theutterancea0005(“Will weever forget it.” ) taken from theCMU ARCTIC
speechcorpus. Top panel: Male speaker bdl. Bottompanel: Femalespeaker slt. 2nd–4thpanel: 75%, 50%, and25%
morphingbetweenthespeakers.

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

2.5. Source-Filter reconstruction

Finally, theseparatelyinterpolatedexcitationsignaland
vocaltract�lter polynomialsarecomposedvia autoregres-
sive�ltering andthende-emphasizedto obtainthemorphed
speechsignal(seeright partof Fig. 1).

3. Experiment
Our new morphingmethodwas appliedto utterances

spoken by two speakers taken from the freely available
CMU ARCTIC speechcorpus.1 Thesignalshown in Fig.6
is availableon theweb2 andwe stronglyencourageevery-
body to gain an impressionof the achieved soundquality
by listeningto theexample.

It is remarkablethateventhecrossingof thesecondand
third formantwhichcanbeobservedin thebottompanelof
Fig. 6 atca.500msis evenlymorphedto themoreambigu-
ousformantcomplex of themalespeaker in thetoppanel.

3.1. Preliminary Quality Assessment

To testtheacousticqualityof ournew speechmorphing
methodwe conducteda MeanOpinion Score(MOS) ex-
perimentwheretensubjectswereaskedto assesstheplay-
backquality of randomlypresentedstimulusutteranceson
a scalefrom 1 (=excellent) to 6 (=poor). Theseutterances
consistedof � ve sentencestaken from theCMU ARCTIC

1http://festvox.org/cmuarctic/
2http://www.phonetik.uni-muenchen.de/� hpt/morphing/

speechcorpuswhich were spoken by a male (bdl) and a
femalespeaker (slt). Additionally, for eachof thesepairs
11intermediateutteranceswereestimatedusingourspeech
morphingmethod.Eachutterancewaspresentedtwicegiv-
ing a totalof 130stimuli (5 � (1 + 1 + 11) � 2 = 130).

3.2. Results

Fig. 7 shows theresultsof this experiment.Eacherror-
bar is basedon 100 judgements(10 subjectstimes5 utter-
ancestimes2 repetitions).An ANOVA revealednoneof the
independentvariablesto besigni�cant. Sinceonly tensub-
jectstook part in theexperimentwe regardtheseresultsas
preliminary. But they surelyindicatethattheacousticqual-
ity of themorphedstimuli 2–12is only marginally reduced
comparedwith theoriginal stimuli 1 and13.
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Figure7: MeanOpinionScore(MOS)resultsof theacous-
tic quality of thestimuli (1=excellent, 6=poor).



4. Discussion
The proposedmorphingmethodextensively usesDy-

namicProgrammingtechniquesto �nd the alignmentsof
the speechsignalson threedifferent layers: i) the timing
structureonaphone-andsyllable-level, ii) theshapeof the
frequency spectrumincluding formantsandotherspectral
properties,and iii) the micro-timing of the sourcesignal,
wherethelattermostly in�uencestheresultingspeechsig-
nalquality. A furtherdecompositionof theexcitationsignal
into harmonicandnoisecomponents(Childers1995;Yeg-
nanarayana,d'Alessandro,andDarsinos1998)is currently
underinvestigation.

In our view, full voice conversiontechniquesare still
unusablein any demandingapplication. The problemto
be solved consistsnot only in �nding the bestalignments
and artifact-freetime-scaleand frequency-scaleinter- or
extrapolationmethods.It consistsmainly in modelingthe
speaker's behaviour to expresshimself. His useof funda-
mentalfrequency, of momentarilychangingvoicequalities,
of the reductionor insertionof phonesandevensyllables,
of allophonicvariants,etc., is not only determinedby the
phones,syllablesor wordsheproduces.

The context which determinesthe speaker's speci�c
choiceis wider thanonly the adjacentconstituents:it in-
cludesthespeaker'sdialect,sociolect,mood,andintention.
Supposingthatlistenerswouldacceptthesyntactic,seman-
tic, andpragmaticstructureof the utterance(even though
they have a very good idea aboutwhich words a known
speakerwouldprobablysayor not),it is averyeasytaskfor
themto recognizeinconsistenciesin theresultingprosodic
anddialectalpropertiesof thetargetutterance.In fact, lis-
tenersunconsciouslyandcontinuouslyanalyseandcollect
extralinguisticinformationaboutthespeakerwhich is con-
veyed by the speechsignal. They canperfectlydetectin-
consistenciesaboutthespeaker. Therefore,thepoorspeech
signalqualityof currentvoiceconversiontechniquesisgen-
erally far from beingconsideredacceptable.

In contrast,speechmorphingis amuchsimplertaskbe-
causeboth the sourceaswell as the target utterancesare
given. All speechsegmentsand featureswhich must be
presentin themorphedspeechsignalarealreadypresentin
at leastoneof thetwo utterances.Thus,morphingmethods
don't have to generateanynew excitationsignal,phone,or
syllable.Naturally, if thenumberof syllablesor thesyllable
structurediffers,thealignmentprocedureis notguaranteed
to producearealisticresult(e.g.[a:s]vs.[sa:] whereanap-
propriateexcitationsignalmorphingis simply impossible).
But ourmorphingprocedureis �e xible enoughto alsoyield
reasonableresultsin thecaseof two linguisticallydifferent
utterances(e.g.keen[ki:n] vs.clean[kli:n] or morningand
corner (Slaney, Covell, andLassiter1996))andthusis —
asoriginally intended— a practicaltool for creatingnew
stimuli for categoricalspeechperceptionexperiments.

5. Conclusions
A useful solution to the problemof speechmorphing

waspresented.The resultingspeechsignalquality is ex-
tremelyhigh andshows only very few artifacts.Our solu-
tion might not be optimal in a computationalsensesince
it is considerablyslower than other methods. But this is

mainly causedby thehigherdegreesof freedomwhichour
methodprovidesandwhich we claim to benecessaryfor a
convincingsolutionto theproblemof unsupervisedmorph-
ing betweenany two utterances.
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