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Abstract

Thephasevocoderhasbeenusedasa time-scale-modificationtool for severaldecades.Ap-
plying largepositive modificationfactorsto differentkindsof sounds(time-stretching),the
resultwill alwayssound“phasy” or “reverberant”.The soundquality canbe improvedby
“locking” thephases.Phase-lockingpreservesthephaserelationsarounda local maximum
in themagnitudespectrum.For largemodificationfactors,lockingtheentirephasespectrum
sounds“rigid”.

In this work, the deterministicandstochasticcomponentsof a soundareseparatedin the
frequency domain,andonly thephasesof sinusoidsarelocked,while theremainingphases
aresetto randomnumbers.Thedeterministicpart is detectedwithin a “reducedvariance”
magnitudespectrumusingheuristicconditions.Thereducedvariancespectrumis calculated
by weightingthe actualmagnitudespectrum,the spectrumof a frameabout11 ms in ad-
vanceand the reducedvariancespectrum11 ms beforethe actualspectrum. In this way,
thevarianceof theapproximationcanbereducedfor thepeak-detectionyielding betterre-
sultsfor noise-likesignals.For resynthesis,thedeterministicmagnitudesarecombinedwith
thesmoothedstochasticmagnitudes,andthe lockedphasesarecombinedwith therandom
phases.

Kurzfassung

Der Phasen-Vocoderwird seit mehrerenJahrzehntenals Algorithmuszur Zeitskalenmodi-
fikation verwendet.Wird ein Klang extrem in der Zeit “gedehnt”,klingt er “phasy” bzw.
“hallig”. EineMethodezur VerbesserungderKlangqualiẗat ist “phase-locking”.Dabeiwer-
dendie Phasenbeziehungenrundum ein lokalesMaximumim Analyseamplitudenspektrum
in die BerechnungderSynthesephasen̈ubernommen.Für grosseSkalierungsfaktorenklingt
dasErgebnis“starr”, wennphase-lockingaufdasgesamtePhasenspektrumangewendetwird.

In dieserArbeit werdendie deterministischenundstochastischenAnteile einesKlangesim
Frequenzbereichgetrennt.Dadurchist esmöglich,nurfür diedeterministischenPhasenphase-
lockingzuverwendenunddiestochastischenPhasenaufZufallszahlenzusetzen.Die Detek-
tion derdeterministischenKomponentegeschiehtinnerhalbeinesAmplitudenspektrumsmit
verringerterVarianzundbasiertauf heuristischenBedingungen.Die VarianzderScḧatzung
wird dadurchverringert,dadasaktuelleAmplitudenspektrum,dasSpektrumca.11 msda-
nachunddasSpektrummit reduzierterVarianzca.11msdavor, gewichtetwerden.In diesem
gewichtetenSpektrumwerdendiespektralenMaximagesucht.DurchdieReduktionderVa-
rianzderScḧatzungwerdenfür rauschhafteSignalebessereResultatebei derDetektiondes
deterministischenAnteils erreicht.Für die ResynthesedesmodifiziertenSignalswerdendie
deterministischenAmplitudenmit dengeglättetenstochastischenAmplitudenunddiedeter-
ministischenPhasenmit denzufälligenPhasenkombiniert.
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Chapter 1

Intr oduction

1.1 What this thesisis about

This thesisfocuseson time-expansionof musicalsignalsusingthephasevocoder. Theaim
is to find an algorithm,which yields goodresynthesisusing large scalingfactors. At the
beginning,we give a brief generaloverview on time-scalemodificationbasedon anarticle
of MoulinesandLaroche[1]. Chapter2 presentsanintroductionto thephasevocoderandits
applicationto time-scale-expansion.As alternativesto thephasevocoderasa tool for sound
analysis/transformation/resynthesis,threesignalmodelsarereviewedin chapter3. Chapter4
exploresthecharacteristicsof thephasevocoderparametersin orderto findconditionsusable
for deterministiccomponentdetection. This is part of an enhancedphasevocodersystem
presentedin chapter5. Finally chapter6 concentrateson strategiesto detecttransientsand
showshow suchadetectioncouldbeincludedin thesystem.

1.2 Talking about time-scalemodification

1.2.1 Definition

(From[1]:) Theobjectof time-scalemodificationis toalterthesignal’sapparenttime-evolution
withoutaffectingits spectralcontent.Defininganarbitrarytime-scalemodificationamounts
to specifyingamappingbetweenthetime in theoriginal signalandthetime in themodified
signal. This mapping�
	 ����
�������� is referedto asthe timewarping function. In the fol-
lowing, � refersto the time in theoriginal signal, ��� to the time in themodifiedsignal. It is
oftenconvenientto useanintegraldefinitionof T:

��	�� � 
���������
�� ���� ��� �"!#� (1.1)

where � ���$�&%(' is thetime-varyingtime-modificationrate1.

1 )+*-,/.1032 guaranteesthat 4 *-56. is neverdecreasingandthereforethat 4�798 *�5�:;. exists.

6



CHAPTER1. INTRODUCTION 7

� ���$�<%=' . . . time-scalemodificationrate:� ���$�>%@?BA time-scaleexpansion� ���$�>C@?BA time-scalecompression

1.2.2 Mathematical model

Thefollowing definitionsarebasedonasinusoidalmodel(seechapter3), in whichthesignal
is representedby asumof sinusoids.It is importantto notethatthesinusoids’instantaneous
amplitudeDFEG�H��� andfrequency IJE������ areallowedto varyonly slowly in time. A shortsection
of asoundcanthenbeconsideredasstationary.

Signalmodel:K �H���L
NMPO �-QR E�SUT DBEG�����"VXW�Y[Z O �-Q (1.2)

with \ EG������
�� �]_^ IJEG�H� ��!#�
Idealtime-scaledsignal:K � �H� � ��
 MPO �+`ba O �;c�QdQR E�SUT DFEG�H� ] T ��� � ����V W"Y c Z O �;c;Q (1.3)

with \ �E ��� � ��
N� � c]_^ IJE���� ] T ���$�e�"!f�
Remarks:g

Theamplitudeof thei hji oscillationof thetime-scaledsignalat time t’ is equivalentto
theamplitudeof theoriginal signalat timeT ] T (t’)glk Y c O �;c;Qk � c 
lIJEG��� � � equalsIJEG�H� ] T ��� � ��� , so thetemporalevolution is modified,but thefre-
quency contentremainsunchanged.

1.2.3 Applications

Time-scalemodificationis useding
Synthesisby sampling. Synthesizersbasedon thesamplingtechniquetypically hold
adictionaryof pre-recordedsoundunits(e.g.,musicalsoundsor speechsegments)and
generatea continousoutputsoundby splicingtogetherthesegmentswith a pitch and
durationcorrespondingto the desiredmelody. Becausetherecanonly be a limited
numberof soundsegmentsstoredin the dictionary, onecannotafford samplingall
possiblepitchesanddurations,hencethe needfor indepententtime-scaleandpitch-
scalecontrol.
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Post-synchronization. Synchronizingsoundanimageis requiredwhena soundtrack
hasbeenpreparedindependentlyfrom theimageit is supposeto accompany. By mod-
ifying the time evolution of thesoundtrack,oneis ableto re-synchronizesoundand
image.A typicalexampleis dialoguepost-synchronizationin themovie industry.g
Data compression. Time-scalemodificationhasalso beenstudiedfor the purpose
of datacompressionfor communicationsor storage[2]. The basicideaconsistedof
shrinking the signal, transmittingit, andexpandingit after reception. It was found
however, that only a limited amountof datareductioncould be obtainedusing this
method.g
Reading for the blind. For visually impairedpeople,listeningto speechrecordings
canbetheonly practicalalternativeto reading.However, onecanreadatamuchfaster
ratethanonecanspeak,so‘readingby listening’ is a muchslower processthansight
reading.Time-scalemodificationmakesit possibleto increasethis listeningrate.g
Foreign languagelearning. Learninga foreign languagecanbesignificantlyfacili-
tatedby listeningto foreignspeakerswith anartificially slow rateof elocutionwhich
canbemadefasterasthestudent’scomprehensionimproves.g
Computer interface. Speech-basedcomputerinterfacessuffer from thesamelimita-
tion asencounteredin ‘readingby listening’. Thepaceof theinteractionis controlled
by the machineandnot by the user. Techniquesfor time-scalemodificationscanbe
usedto overcomethe‘time bottleneck’oftenassociatedwith voiceinterfaces.g
Post-production SoundEditing. In thecontext of soundrecording,theability to cor-
rect thepitch of anoff-key musicalnotecanhelpsalvagea take thatwould otherwise
beunusable.Multi-track hard-diskrecordingmachinesoftenoffer suchcapabilities.g
Musical composition. Finally, musiccomposersworking with pre-recordedmaterial
find it interestingto be given an independentcontrol over time and pitch. In this
context, time andpitch-scalemodificationsystemsareusedascompositiontoolsand
the‘quality’ of themodifiedsignalis animportantissue.

1.2.4 Techniquesfor time-scalemodification

Generallytime-scalemodificationcanbeimplementedin threeways,for furtherdetailsrefer
to thebibliography.

1. Timedomain:g
Modified taperecorder[3]g
Digital implementationof themodifiedtaperecorder[4].g
Improvements:

Speech:[5], [6], [7], and[8]
Music: [9], [10], [11], and[12]
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2. Frequency domain:Shorttime fourier transfomation(STFT)[13]g
Improvements:

Speech:[33] and[14]
Music: [31], [35] and[15]
Seealsochapter2.

3. Signalmodels:Modelingasignalandchangingtheparametersg
Linearpredictionmodels:[16] and [17]g
Sinusoidalmodels(plusnoise):seechapter3g
“Granularmodels”:[18], [19], [20] and[21]



Chapter 2

PhaseVocoder

2.1 Intr oduction to the phasevocoder

HomerDudley introducedthe“channelvocoder”(voicecoder)in 1939 [28], whichoperates
on the principle of deriving voice codesto re-createthe speechwhich it analysed.In the
analysisstage,thefundamentalfrequency is determinedandspectralinformationis provided
by tenfilters. Thesynthesizerdiscriminatesvoiced-unvoicedspeechby useof theenergy of
thefundamentalfrequency andgeneratesabuzzfor voicedsoundsandrandomnoisefor the
hiss.Thissignalgetsfilteredcorrespondingto theanalysis.

FlanaganandGolden[29] have beenextendingthis modelby taking theshort-timemagni-
tudeandphasespectraof thesignalinto account.Sincethenthenow called“phasevocoder”
hasbeendevelopedin variousways.

In his phasevocodertutorial [35], Mark Dolsonpresentedtwo complementaryviewpoints,
which explain how phasevocodercalculationswork: He referedto theseviewpointsasthe
filterbankinterpretationandtheFouriertransforminterpretation(Figure2.1).

Filterbank interpretation

In theanalysisstage,the time-varyingamplitudesandfrequenciesof a signalareextracted
by a fixed bank of bandpassfilters. Theseparametersare thenusedto control a bankof
sine-waveoscillatorsfor resynthesis.

This thesisis basedontheFouriertransforminterpretation,sothiskind of analysis/synthesis
will bedescribedin thenext section.

2.2 Short-Time Fourier Transform (STFT)

A soundanalysis/synthesissystembasedon theSTFT is structuredasshown in figure2.2.
Thefollowing sectionswill describethemainpartsof thesystem.

10
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FIGURE 2.1: Filterbankvs. Fourier-transforminterpreta-
tion (from: [35])

FIGURE 2.2: An analysis/synthesissystembasedon the
short-timeFouriertransform.

2.2.1 Analysis

During theanalysisstage(figure2.3), analysistime-instants��mn for successive valuesof in-
teger o are set along the original signal, possiblyuniformly: ��mnp
qo+r n where r n is the
so-calledanalysishopfactor. At eachof theseanalysistime-instants,a Fourier transformis
calculatedover a windowedportionof theoriginal signal,centeredaround��mn . Theresultis
thenonheterodynedSTFTrepresentationof thesignal,denotedst��� mnfuPv>w � :

st�H� mn uXv>w ��
 ^Rx S ]_^zy ��{|� K ��� m n<}p{|�"V ] W�~�� x (2.1)
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FIGURE 2.3: Short-timeFourier trans-
form: Analysis.

whereK is theoriginalsignal, y ��{|� is theanalysiswindow, v>w 
���� w� is thecenterfrequency
of the

�
th vocoder“channel”and � is thesizeof thediscreteFouriertransform.In practise,y �6{1� hasa limited time span(typically N samples)andthesumabove hasa finite number

of terms. st�H��mn uXv>w � is both a function of time (via variableu) and frequency (via v>w ).
(From:[41])

2.2.1.1 The analysiswindow - time/fr equencytrade-off

The well-known time/frequency trade-off is a very importantissuein audioanalysis.The
point is thatlargewindowsprovidegoodfrequency resolution,but poortimeresolution,and
smallwindowsviceversa.

2.2.2 Resynthesis

The resynthesisstage(figure 2.4) involvessettingsynthesistime-instants� m � , usually uni-
formly, so that � m � 
�r � o , where r � is thesynthesishop factor. At eachof thesesynthesis
time-instants,ashort-timesignal � m ��{|� is obtainedby inverse-Fourier-transformingthesyn-
thesisSTFT �3����m� uXv>w � . Eachshort-timesignal is thenmultiplied by an optionalsynthesis
window ����{|� , andthe windowed short-timesignalsareall summedtogether, yielding the
outputsignal ���6{1� :���6{1��
 ^Rm S ]_^ ���6{���� m� �G� m �6{���� m� � (2.2)

with � m �6{|��
 ?� � ] TRw S � ����� m � uPv>w ��VXW"~�� x
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FIGURE 2.4: Short-timeFourier trans-
form: Resynthesis.

In the absenceof modifications(i.e., r n 
 r � and �3����m� uXv>w �L
(st����mn uPv>w � ), this output
signalis identicalto theoriginalsignalK , undermild conditionsontheanalysisandsynthesis
windows [43]. (From:[41])

2.3 Time-scalemodification using the phasevocoder

Thetime-scaleof a signalcanbemodifiedby theanalysisandsynthesishopsizebeingdif-
ferentr n C�r ������� time-expansionr n %�r ������� time-compression

andcalculatingtheoutputphasesof themodifiedsignalexplicitly in awaydescribedbelow.
Note that althoughthe phasevocoderis basedon a sum of sinusoidsmodel, no explicit
estimationof sinusoidalparametersis necessary.

Modification of the magnitude

In this algorithm, the synthesismagnitudevaluesare the sameas the analysismagnitude
values:� ���H� mnfuXv>w � � 
 � st��� mnfuXv>w � � (2.3)

where� m � 
@r � o
Sothereis noneedfor modifying themagnitudespectrum.
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Modification of the phase

Phaseunwrappingis requiredto calculatethesynthesisphase.Thereforethe instantaneous
frequenciesIJE������ of sinusoidsneara certainvocoderchannelarecalculatedby useof the
phaseincrementof two consecutive frames.

At first, theheterodynedphaseincrementis calculated:��� mw 
�� st��� mn uXv>w ����� st�H� m ] Tn uPv>w ���pr n v>w (2.4)

After taking the principal determination
���/� mw (between 
¡ ), the instantaneousfrequency¢I£��� mn � of theclosestsinusoidis derivedfor eachchannel.

Phaseunwrapping:¢I£�H� mn/��
 v>w } ?r n ���/� mw (2.5)

Phasepropagationformula:� �3��� m � uXv>w �L
 � ����� m ] T� uPv>w �|}¤r � ¢I w ��� m nb� (2.6)

Phasecoherence

The phasepropagationformula ensuresphaseconsistency within eachfrequency channel
over time, which is denotedashorizontalphasecoherence. On theotherhand,phasecon-
sistency acrosschannelswithin a synthesisframehasto bepreserved,too. We refer to this
kind of consistency asvertical phasecoherence.
In thenext section,algorithmswill bepresentedwhich takecareof thephaseconsistency.

More referenceson theSTFT/PhaseVocoder(in chronologicalorder):

[30], [24], [31], [32],[33], [43], [34], [36], [44], [26], [37], [45], [42], [38]

2.4 Phase-lockedVocoder

2.4.1 Loosephase-locking

Miller Puckette[39] refersto the fact that a complex exponentialdoesnot only excite one
channelof the phasevocoderanalysisbut all of the channelswithin the main lobe of the
analysiswindow. He pointsout thenecessityto “lock” thephasesaroundbinsof sinusoids
to reduceartefactsin the resynthesis.The new synthesisvaluesarebasedon a weighted
averageof threeneighboringsynthesisphasesof thepreviousframe(hereadjacentbinsare
180degreesout of phase):��¥¦o$E u ��§ 
�st¥ � W u ��§ ��¨ ¥¦o E ] T u ��§st¥ � W ] T u ��§ �

� ¨ ¥¦o$E ] T u ��§sp¥¦� W ] T u ��§
� ] T

(2.7)

with ¨ ¥¦o$E ] T u �9§ 
���¥¦o$E ] T u �9§ �p��¥¦o$E ] T u � �(? § �p�3¥©o$E ] T u � }�? § �
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t E . . . . . . actualanalysisframe
t E ] T . . . . previousanalysisframe
uE . . . . . . actualsynthesisframe
uE ] T . . . . previoussynthesisframe
k. . . . . . . bin-number
X[t,k]. . . actualanalysisphases
Y . . . . . . synthesisphases

2.4.2 Rigid phase-locking

Inspiredby thephase-lockingmethodby Puckette,LarocheandDolson([40], [41]) devel-
opedthesocalled“rigid phase-locking”-algorithm.Moving a stepfurther, thepeaksof the
magnitudespectrumaredetectedandthe phasesof the neighboringbins arelocked to the
phasesof thepeakbinswithin a “regionof influence”.Thebordersof theregionof influence
canbesetto themiddle frequency betweentwo peak-binsor to thechannelof lowestmag-
nitudebetweenthetwo peaks.
Two kindsof (rigid) phase-lockingarepresented:g

Identityphase-lockingg
Scaledphase-locking

2.4.2.1 Identity phase-locking

Thiskind of phase-lockingassignstheanalysisphaserelationsof apeakbin to theneighbor-
ing binsto thesynthesisphaseswithin theregionof influence.� �3��� m � uXv>w �L
 � ����� m � uPv>w�ª �|} � st�H� mn uXv>w ��� � sp��� mn uXv>w"ª � (2.8)

A major advantageof this methodis that only peakchannelsrequiretrigonometriccalcu-
lations: Oncethesynthesisphaseof a peakchannelhasbeenderived, thedifferenceto the
analysisphasev n is usedto createacomplex exponentialby which thebinsin theregionof
influencearerotated.« 
¬� �3��� m � uXv>w ªH����� st�H� mnfuXv>w ªH� (2.9)

¨ 
�V W"­ (2.10)���H� m � uXv>w �L
 ¨ st��� mn uPv>w � (2.11)

Identityphase-lockingscheme:

1. For thenew STFTframe,locateprominentpeaks.

2. For eachpeak,calculatethe instantaneousfrequency usinghorizontalphaseunwrap-
ping,andcalculatetheupdatedsynthesisphase,accordingto (2.6).
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3. Calculaterotation � « , accordingto (2.9),andphasor¨ .

4. Apply rotationto all channelsaroundandincludingpeakchannel,accordingto (2.11).

5. Repeattheabovestepsfor thenext peak,until all peakshavebeenprocessed.

6. Proceedto thenext synthesisframe.

2.4.2.2 Scaledphase-locking

Theidentityphase-lockingtechniquecanbeimprovedby recognizingapeakswitchingfrom
channel

� � at frameu-1 to channel
� T at frameu. In this case,thecalculationof thephase

incrementin thephaseunwrappingequationchanges
from: � st��� mn uXv>w a ��� � st�H� m ] Tn uXv>w a �to: � st����mnfuPv>w a ����� sp����m ] Tn uXv>w"® �
andthephase-propagationequationshouldbe:���H� m � uXv>w a ��
 � ���H� m ] T� uXv>w"® �|}¤r � ¢I w a ��� m n/� (2.12)

As soonasthecorrespondingpeakin thepreviousframehasbeenfoundfor theactualpeak,
weusetheanalysisandsynthesisphasesof bothpeaksto calculatethenew synthesisphase.
Now theneighboringchannelscanbesynchronizedby ageneralizedphase-lockingequation:� �3��� m � uXv>w �L
�� ����� m � uPv>w�ª �|} � ¥d� sp��� mnfuXv>w ����� st��� mnfuPv>w�ª � § (2.13)

� . . . . . Scalingfactor� =1.. . Identityphase-locking

Using theupperformula, it appearsthat identity phase-lockingcanbefurther improvedby
setting � to a valuebetweenoneandthetimescaling-factor ¯ . Informal listeningtestshave
shown that setting �±°³²#´¶µ }@¯ ´¶µ helpsfurther reducephasiness.The phasesst�H��mn uXv>w �
mustbe unwrappedacrosschannelsk aroundthe peakchannelbeforeapplying(2.13), in
orderto avoid ²b� ¡ channeljumpsin thesynthesisphases.Sinceit is notpossibleto calculate
with simplecomplex multiplicationshere,theimplementationof scaledphase-lockingneeds
morecomputationthanidentity phase-locking.On the otherhandit providesconsistently
highersoundquality.

Scaledphase-lockingscheme:

1. For thenew STFTframe,locateprominentpeaks

2. For eachpeakchannelk E , locatethecorrespondingpeakin theprecedingframe,cal-
culatethe instantaneousfrequency usinghorizontalphaseunwrapping,andcompute
theupdatedsynthesisphaseaccordingto (2.12).

3. Unwrapanalysisphasesacrossall channelsin theregionof influence.
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4. For eachchannelaroundthepeakchannel,calculateanalysisphasedifferencebetween
peakandcurrentchannel,andcomputethecurrentsynthesisphaseusing(2.13).

5. Repeattheabovestepsfor thenext peak,until all peakshavebeenprocessed.

6. Proceedto thenext synthesisframe.



Chapter 3

Signal Models

3.1 Intr oduction

This chaptershortly reviews signal models: The sinusoidalmodeland its developments,
Spectral ModelingSynthesis(SMS), which extendsthe sinusoidalmodelby including the
stochasticpartof a signal,andfinally TransientModelingSynthesis, a system,which intro-
ducesamodelfor transients.

3.2 SinusoidalModeling

Quasi-stationarysoundscanbemodeledby extractingthesinusoidalcomponentsof thesig-
nal:g

Magnitudeg
Phaseg
Frequency

McAulay andQuatieri([57], [58], [59]) setup a speechanalysis/synthesistechniquebased
on this signalcharacterization.This techniqueandits developmentswill bedescribedin the
next sections.

3.2.1 McAulay-Quatieri

TheMcAulay/Quatierianalysis/synthesissystem(furtherreferedto asMQ-system)is based
on asum-of-sinusoidsmodelfor which thesinusoidalparametersarecalculatedexplicitly.

Themodel:K ��{|��
 R E DFEG��{|�"·¹¸bº9¥¼»£EG��{|� § (3.1)

18
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with »£EG��{|��
N� x �� IJEG���$��!#��} � E
DFE��6{1� . . time-varyingenvelopeIJEG��{|� . . . instantaneousfrequency (frequency trackof the ½ ��� sinewave)»£EG��{|� . . . instantaneousphase

3.2.1.1 MQ-Analysis

As you can seein figure 3.1, after applying a STFT on the input signal, the magnitude
spectrumis searchedfor spectralpeaks,which indicatethe sinusoidalcomponentsof the
analyzedsignal.For thosepeaksthesinusoidalparametersarederived.

FIGURE 3.1: MQ-Analysis(from: [59])

3.2.1.2 MQ-Synthesis

Figure3.2 shows the furtherprocessingof thepeak-parameters.Thepeaksarelinkedover
successiveframesto form tracks.Eachtrackrepresentsthetime-varyingbehavior of asingle
sinusoidalcomponentin theanalysedsound.

For resynthesisthemagnitudesarelinearly interpolatedandtrackfrequenciesaremodulated
parabolically(cubicphaseinterpolation)to preservethephaseaccuracy at frameboundaries.

Applicationto nonharmonicsoundsby SmithandSerra:PARSHL [60]

Transformations:[61], [62], [63], [64], [65], [66]

3.2.2 LEMUR

Fitz andHaken[68] developedanextendedversionof theMQ-systemcalledLEMUR. This
tool performesan enhancedMQ-Analysison sampledsoundsandgeneratesa datafile de-
scribingaMQ-stylesinusoidalmodelof thesignal.UsingLemur’sbuilt-in editingfunctions
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FIGURE 3.2: MQ-Synthesis(from: [59])

thosefiles maybe modifiedin differentways. Finally, Lemurcansynthesizethe modified
datato createa new sampledsignal.

Furtherreferences:[67], [69]

3.2.3 Waveform preservation basedon relativephasedelays

Di Federico[70] introducedasystemfor waveforminvarianttime-stretchingandpitch-shifting
of quasi-stationarysoundsbasedona relativephasedelayrepresentationof thephase.Once
thesinusoidalparametershavebeenextractedfrom thesignal,partialphasesaretransformed
into phasedelays:�[Ej¾ w 
 »£Ej¾ wI�Ed¾ w (3.2)

½ . . . . . framenumber»£Ej¾ w . . . Phaseof the
� � y sinusoidIJEj¾ w . . . Frequency of the

� � y sinusoid�[Ej¾ w . . . Phasedelayof the
� � y sinusoid

Sincephasedelaysare homogeneousquantities(unlike phases),the phasedelaysof two
differentpartialscanbecompared.Relativephasedelays(rpds)aredefinedasthedifferences
betweenthepartialphasedelaysandthephasedelayof thefundamental.� �[Ej¾ w 
��[Ej¾ w ���¹Ed¾¦T (3.3)

Theoriginal waveformof a quasi-harmonicsoundcanbe“built” on thephasevalueof the
fundamental.Sothesoundis no longerdescribedby magnitudes+ frequencies+ phases,but
by a magnitude+ frequencies+ rpds+ fundamentalphaserepresentation.Becauseanalysis
phasesarewrapped,therelativephasedelayshave to benormalizedfor furthercalculations
sothatthenormalizedrelativephasedelays(nrpds)lie in therange¥©' u ² ¡ ´ IJE § . For resynthe-
sis,thesynthesisphaseof thefundamentalis evaluatedby cubicphaseinterpolationandthe
intraframephasecoherenceof theotherpartialsis preservedby useof thenrpds.
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This algorithmyields high quality resultsfor harmonicor quasi-harmonicsoundseven for
time-stretchingfactorsup to 30 andmore.

3.2.4 High PrecisionFourier Analysis usingSignal Derivatives

Introducinga
� ���

-order Fourier transform,Desainte-Catherineand Marchand([71], [72],
and[73]) havedevelopedasystem,which improvesFourieranalysisprecisionin amplitude,
frequency, andtime.

Restrictions:

As for all the othersystemsbasedon a sinusoidalmodel,partialsmustbe slowly varying,
sufficiently spacedandmustnot crosseachother.

3.2.4.1
� ���

-order DFT¿�À � w denotestheamplitudespectrumof thediscreteFourier transformof the
�
-th signal

derivative.¿�À � w ¥¦Á § 
 ?� � � ] TRx S � ��¥¦{ § ! w�Â!#� w ¥©Ã$}t{ § V ] WbÄÆÅÇ x¹È �
(3.4)

N. . . window size
l . . . window location
w . . N-pointanalysiswindow

For eachpartial É thereis a maximumin both DFT
�

andDFT T spectrafor a certainindex
m
�
.

TheDFT
�

correspondsto theclassicSTFTanalysis.Ê �� 
�Á � Ê �� (3.5)Â �� 
 ¿�À � � ¥©Á � § (3.6)Ê ��
. . . partialfrequency (=bin frequency)Â �� . . partialmagnitudeÊ � . . . samplingrate� . . sizeof theanalysiswindow

Thefollowing equationsprovidemuchmoreaccuratefrequency andmagnitudevalues:Ê T� 
 ?² ¡ ¿�À � T ¥©Á � §¿�À � � ¥©Á � § (3.7)



CHAPTER3. SIGNAL MODELS 22

Â T� 
 Â ��Ë � � Ê T� � Ê �� � � (3.8)

W(
Ê
) . . .amplitudeof thecontinousspectrumof theanalysiswindow w at frequency

Ê
.

The window sizecanbe smaller, so a bettertime-resolution(e.g.,for vibratos)canbe ob-
tained. Theeffectsof the analysiswindow compensateby dividing the two DFTs, soe.g.,
tremoloscanberepresentedbetter.

Essentialdrawbacks:g
Not usablefor low-pitchedsoundsdueto thesmallwindow-lengthsg
Noisecomponentshave to benegligible

3.3 SpectralModeling Synthesis- SMS

In [74], Serraintroducesavery importantextensionto thesinusoidalmodel:Theincorpora-
tion of thenoisecomponentsof soundsinto anextendedsignalmodel.

In thissystem,asoundis consideredto beacombinationof asumof sinusiods(deterministic
component) anda residual(stochasticcomponent), which representstransientsandnoise.

Input soundmodel:

º9������
 ÌR E�SUT DBEG�����"·¹¸bº9¥¼»£E������ § }tV9����� (3.9)

DFEG����� and »£E������ arethe instantaneousamplitudeandphaseof the ½ th sinusoid,respectively,
and V9�H��� is thenoisecomponentat time � .
Therestrictionsof this modelarethesameasfor thesinusoidalmodel:
Slowly changingamplitudeandfrequency of thedeterministicpartof thesound.

3.3.1 SMS - Analysis

In theanalysisstage,which is shown in figure3.3,we wantto find thesinusoidswithin the
sound,resynthesizethemandsubtractthemfrom theoriginal signalin time domainto get
theresidual.

Deterministic analysis

Peaksarepickedfrom themagnitudespectrumwith theadditionalconstraintthatthephases
of sinusoidalpeaksmusthave a constantphasearoundthe peak-bin,whenapplyingzero-
phasewindowing to the analysisframe. Zero-phasewindowing is necessaryto obtain a
phasespectrumfreeof thelinearphasetrendinducedby theanalysiswindow. Thereforethe
signalframeto beanalysedhasto becenteredaroundtheorigin beforeapplyingtheFFT to
it.
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FIGURE 3.3: SMS-Analysis(from: [77]).

After the peakdetection,the fundamentalpitch is extractedto adaptthe analysiswindow-
size,andthepeakcontinuationfindssinusoidaltrajectories.Theresultis asetof parameters:
thedeterministicmagnitudes,frequenciesandphases.

Stochasticanalysis

Theresidualis calculatedby resynthesizingandwindowing thedeterministiccomponentand
subtractingit from the windowedoriginal signalin time-domain.After applyinga FFT to
theremainingsignal,it canberepresentedastheshapeof a filter by methodslike:g

splineinterpolationg
themethodof leastsquaresg
straightline approximationsg
LinearPredictionCodingLPC

An advantageof this systemis thatthesynthesisis completelyindependentfrom theanaly-
sis. So theSTFTparameters(window-size,window-type,FFT-sizeandframe-rate)canbe
chosenasto accomplishbestperformance.

3.3.2 Modification of the analysisdata

The result of the analysisis a set of amplitudeand frequency functionsas deterministic
representationandtime-varying filter envelopesasstochasticrepresentation.This amount
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of datacanbe modifiedin many differentways. Time- or pitch-scalemodificationcanbe
performedaswell asimpressive transformationslike “morphing” or “hybridization” [76].

3.3.3 SMS - Synthesis

Figure3.4showstheSMS-Synthesisscheme.

FIGURE 3.4: SMS-Synthesis(from: [77]).

Deterministic synthesis

After potentialmodifications,thedeterministiccomponentis generatedby additivesynthesis
withoutthephaseinformation,whichmakessynthesispossibleeitherin timedomain,similar
to thesinusoidalsynthesis,or in frequency domainbasedontheinverseFFT[78]. TheIFFT
methodis computationallymoreefficient.

Stochasticsynthesis

The synthesisof the stochasticcomponentcanbe understoodas time-varying filtering of
whitenoise,which is generallyimplementedby thetime-domainconvolutionof whitenoise
with theimpulseresponseof thefilter. In practice,anIFFT is appliedto acomplex spectrum
consistingof thespectralshapeof theresidualandrandomphases.

Both componentsareeitheraddedin frequency domain,which is moreeffectivesaving one
IFFT, or in timedomain.
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3.4 Transient Modeling Synthesis

An interestingextensionto theSpectralModelingSynthesisis takingtransientsinto account,
which arenot appropriatelymodeledup to now.

Theneedfor anexplicit low-orderparametricmodelfor transients,thatallowsawide range
of modificationsand fits well into currentsines-,and sines+noise-models,motivatedthe
transientmodelintroducedby Verma[79]. Here,transientsaremodeledasparameters,so
thesystemis moreflexible.

3.4.1 Analysis

FIGURE 3.5: TMS-Analysis.(From:[79])

As you canseein figure3.5,at first theparametersof theprominentsinusoidsareextracted
andthesinesareremovedfrom theoriginal, leaving thetransientsandnoisein the ? � � resid-
ual. Thentransientsaredetected,parameterizedandsubtractedfrom this residualresulting
in a ² x k residual,which representsthe noisecomponentof the signal. At last, the noise
parametersaredetermined.

Sincethesinusoids+ noisemodelhasbeendescribedabove, we want to focuson transient
modelinghere.

3.4.2 Transient modeling

Thisalgorithmmakesuseof thedualitybetweensinusoidsandtransients.A slowly-varying
sinusoidin time domainis impulsive in frequency domain.This makesit possibleto detect
it in a STFT - magnitudespectrum. Impulsive signalsin time domainare oscillatory in
frequency domain.Sothefirst stepis to mapthetimedomaintransientsto sinusoidalsignals
in somefrequency domain.Thediscretecosinetransform(DCT) providessuchamapping:
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Definitionof thediscretecosinetransform(DCT):Í � � ��
 � � � � � ] TRx S � K ��{|��·[¸bº�¥ � ² {3}�?Î� � ¡² � §
(3.10)

for { u �ÐÏÒÑ ' u ? u ����� u �Ó�(?¶Ô
with� � � ��
lÕ ? ´ � for k = 1� � � ��
 Õ ²#´ � otherwise(see[80])

We cansaythat an impulseat the beginning of a frameresultsin a low-frequency cosine,
wherasan impulseoccuringat the endof the frameyields a high-frequency cosine. If the
frequency of asinusoidcorrespondingto atransientis changed,theonsetof thetimedomain
impulsemoveswithin theframe.

TheDCT - frequency domainrepresentationis well suitedfor sinusoidalmodeling,which is
usedfor parameterextractionof thetransients.

Algorithm:g
Takenon-overlappingblocksof theinput signalg
PerformaDCT oneachblockg
ExtracttransientparametersapplyingsinusoidalmodelingoneachDCT-frame

3.4.3 Synthesis

ReconstructingtheDCT domainsinusoidsandusinganInverseDiscreteCosineTransform
(IDCT) synthesizesthepotentiallymodifiedtransientin timedomain.

Thesynthesisstageof TransientModelingis shown in figure3.6.

3.4.4 Time-scalemodification

Whentime-scalinga signal, in transientmodelingthe onsetof the actualtransientis very
important. Therefore,the time-scaleof the DCT-sinusoidhasto be modifiedby the same
factorasthetimedomainsinesandnoise.

FurtherReferences:[83], [84]
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FIGURE 3.6: TMS-Synthesis.(From:[79])



Chapter 4

Characteristicsof the phasevocoder
parameters

4.1 Intr oduction

This chapterexploresthe characteristicsof the phasevocoderparametersconcerningthe
ability to extractdeterministiccomponents/peaksoutof them.

Sincewe want to time-stretchsinusoidalsoundsaswell asnoise,importantconstraintsfor
deterministiccomponentdetectionareto preventpeakdetectionsin purenoiseandto have
a residualfreeof deterministiccomponentswhenanalysinga puresinusoidalsound.These
constraintsarenot easyto accomplish.

Therefore,we wantto introducecriteriawith regardto theparametersresultingfrom phase
vocoderanalysis:g

Magnitudespectrumg
Phasespectrumg
Instantaneousfrequency1

Theconditionsfiguredout for eachparameterform thebasisfor theMatLab��� - implemen-
tationof adeterministiccomponentdetection,presentedin section5.2.

4.2 The magnitude spectrum

A deterministicpeakdetectionshouldnot only searchfor local maximain the magnitude
spectrumbut verify certainconditionsin termsof themagnituderelationsof thewindows’
main-lobe.

We candistinguishthreepositionsof a sinusoidin a magnitudespectrumregardingits fre-
quency:

1Calculatedfrom thephasespectraof two consecutiveframes

28
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1. A sinusoidexactlyat a frequency bin

2. A sinusoidexactlybetweentwo bins

3. A sinusoidsomewherein betweentheupperpositions

Thefirst two caseswill beexploredin detailsincethey resultin extrememagnituderelations
of thecorrespondingmain-lobe.

Figures4.1and4.2show theshapesof thesepeak-frequency positionswhile themagnitude
relationsaroundthepeakarepresentedin tables4.1and4.2.
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FIGURE 4.1: A sinusoidalpeak,exactly at a
frequency-bin (“sharp” shape)
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FIGURE 4.2: A sinusoidalpeak, exactly be-
tweentwo frequency-bins(“flat” shape).

Reasonableconditionsfor “enhanced”peakdetectionwouldbe:
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Freq.bin Mag.value[dB]
5 �£Ö
6 �F× � '#'
7 ' � '¶'
8 �F× � '#'
9 �£Ö

TABLE 4.1: Magnituderelations for a sinu-
soidalpeak,correspondingto Figure4.1.

Freq.bin Mag.value[dB]
5 � µf² � µ ?
6 �Ø?ÎÙ �ÛÚ '
7 �Ø? �ÛÚ ²
8 �Ø? �ÛÚ ²
9 �Ø?ÎÙ �ÛÚ '
10 � µf² � µ ?

TABLE 4.2: Magnituderelations for a sinu-
soidalpeak,correspondingto Figure4.2.g

The magnitudevaluesof the local minima aroundthe peak(within a certainrange)
maynotexceedadefinedlevel below thepeakmagnitude.� sp� � � ¾ Ü È E x � � 
�Á�½Ý{ � sp� � � � w�Þ ] Tw Þ ]�ß (4.1)� sp� � � ¾ m È E x � � 
�Á�½à{ � st� � � � w�ÞPá ßw Þ á T (4.2)� �

. . . . . . . . locationof theactualpeakp
� st� � � � . . . magnitudespectrumof theactualframe� � ¾ Ü È E x . . . . locationof thelower local minimumof peakp� � ¾ m È E x . . . locationof theupperlocalminimumof peakpâ

. . . . . . . . . rangearoundthepeak(bins)� sp� � � ¾ Ü È E x � � C � st� � � � � �£ã ��� (4.3)� sp� � � ¾ m È E x � � C � st� � � � � �£ã ��� (4.4)

ã ��� . . . Necessaryminimumdifferencebetweenthepeakmagnitudeandthelocal
minimafor thepeakto bedetected.

The valuefor ã ��� hasbeenchosento be 14 dB, which is the theoreticalmaximum
magnitudevalueof

� st� � �[ä � � � (table4.2).
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The magnitudesof the four nearestneighbor-bins of a peakmustbe lower thanthe
peakmagnitude:� s w�Þ ] � � C � s w�Þ ] T � C � s � � % � s w�ÞPá T � % � s w�ÞPá � � (4.5)

This can be verified by the checkingthe distanceof the local minima to the peak
location:� � � � � ¾ Ü È E x %F
 ² (4.6)

and � � ¾ m È E x � � � %F
 ² (4.7)

Theseconditionsmake it possibleto alsodetectpeakscausedby chirp signals,sincethis
kind of signalsuseto haveabroadermain-lobewidth thanpuresinusoids.

4.3 The phasespectrum

Centeringthe windowed samplesaroundthe origin resultsin a constant-phasespectrum.
This is called“zero-phasewindowing”. In a constant-phasespectrum,thephasesof deter-
ministic peaksareequal(figure4.3),which couldbeusedasa criterionfor peak-detection.

Detectionconditionscannow bestatedby letting å bea rangewithin thephasevaluesmay
varyarounda peakbin v>w�Þ :� � st�H� mn uXv>w ��� � sp��� mn uXv>w Þ � � C=å (4.8)Ê ¸Îæ � 
 � �  �?
During the test phaseit cameout that the phasecondition is not consistent,sincedeter-
ministic peakswere found in noise, in which the phasevaluesshouldbe random. These
deterministicpeaksarecausedby theinconsistency of theapproximationmethod.

4.4 The instantaneousfr equency

The instantaneousfrequenciesarederived from the phasesof two consecutive frames(see
section2.3 for details).¢Iç
 v } ���/� mwr n (4.9)

Whenslowly varyingsinusoidsareanalysed,we canstatethat the instantaneousfrequency
valuesof thosesinusoidshave to bealmostthesameover thesuccessive frames.Therefore,
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FIGURE 4.3: MagnitudeandPhasespectraof a sineat dif-
ferentfrequencies.

¢I . . . . . . Instantaneousfrequenciesv . . . . . . Bin - frequencies���/� mw . . . Principaldeterminationof theheterodynedphaseincrementr n . . . . . Analysishopsize

the subtractionof the instantaneousfrequenciesof two consecutive framesmust result in
valuesnearzerofor the peakbins. Figure4.4 shows sucha subtractionfor a “sawtooth +
noise”-likesignal.Theimportantregionsof thesubtractionresultaremarkedwith arrows.

As wecanseeon theplot, thevaluesof thepeak-binsarenearzero.In this way, a detection
condition could be introduced,which forcesdelta-valuesof instantaneousfrequenciesof
peak-binsto lie within acertainthresholdlevel è .¢I£�H� mn/��� ¢I£��� m ] Tn �>C¤è (4.10)

for valuesof
¢I atpeak-bins  1 bin¢IF�H��mn¶� . . . . Instantaneousfrequenciesat analysisframe o¢IF�H� m ] Tn � . . . Instantaneousfrequenciesat analysisframe o3�=? (previousframe)

Accordingto whatwassaidaboutthephasecriterion,short-timesinusoidshiddenin noise
unfortunatelyeffect inconsistency of this condition by recognizingdeterministicpeaksin
purenoise.
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FIGURE 4.4: Delta of the instantaneousfrequenciesfor a
“sawtooth+ noise”-likesignal.

In thenext chapter, asystemis introducedasanapplicationof someof thefindingswehave
presentedup to now.



Chapter 5

The
Analysis/Transformation/Resynthesis
System

5.1 Intr oduction

Theaim of thesystemdevelopedis to ensuregoodtime-expansionof sinusoidsandnoise.
Thebasicideais to determinedeterministicandstochasticbinsof short-timespectraandto
treatthemin differentwayswhentime-expandinga signal.

5.2 MatLab �£ã -function detanalysis

The magnitudecriteria describedin section4.2 have beenimplementedin a MatLab��� -
function[92]. Figure5.1showsanoutlineof theimplementation.

5.2.1 Parameters

Usage: [detpeaklocs,roi]=detanalysis(Xm)

Xm............Logarithmic magnitude spectrum
detpeaklocs...locations of the detected deterministic peaks
roi...........number of bins for the region of influence

The function is fed with the logarithmic magnitudespectrumof the actual frame. Inter-
nally a thresholdlevel anda maximumnumberof peaksaresetfor thebasicpeakpicking
algorithm[93] (“peak-picker” - figure 5.2). In returnwe get the locationsof the detected
deterministicbinsandthenumbersof binsindicatingtheregionof influenceof eachpeak.

34
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FIGURE 5.1: MatLab��� -functiondetanalysis.

Peak-pickingparameters:
NTH=40dB . . . . thresholdlevel
maxpeaks=50. . . max.numberof peaksreturnedby thepeakpicker

5.2.2 Peakdetectionscheme

At thebeginningof the “enhanced”peakdetectionmethod,thepeak-picker finds the local
maximawithin themagnitudespectrumandpicksa certainnumberof peakslying within a
definedrangebelow themaximumpeak.

After picking themagnitudepeaks,thefollowing calculationsareappliedto everypeak:g
Find thelocal minimawithin adefinedrangearoundthepeakg
Verify, if themagnitudesof thelocalminimalie below acertainlevel
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FIGURE 5.2: Picking peaksin the Magnitudespectrum
within acertainpeak-pickingrange.g

If so, save the peaklocation,andthe distancesof the local minima (asthe region of
influence)

Eventually, thepeaklocationsandthecorrespondingregionsof influencearereturned.

In the next sectionwe will introducean analysis/transformation/resynthesissystemwhich
makesuseof this algorithm.

5.3 The Analysis/Transformation/ResynthesisSystem

Thedetanalysis-function,presentedin theprevioussectionis embeddedinto aphasevocoder
framework, whichmeansthattheanalysisandresynthesisstagesarebasedontheshort-time
Fouriertransformdescribedin chapter2. Theoutlineof thesystemis shown in figure5.3.

5.3.1 Analysis

As a resultof theshort-timeFourier transformation(seesection2.2.1),we obtainthemag-
nitudeandphasespectrumof awindowedframeof thesoundin examination.

In this implementationwe usedthefollowing parameters:

FFT-size . . . . . . . . . . 2048at f � =44,100Hz
Window-size . . . . . . FFT-size
Analysishopsize. . . éëê E x kGì ê ] � E;íGî�ïàð� E È î ] �Ýñ n Ü©E x¹òeó n ñ � ìàôöõ
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Theequationfor theanalysishopsizeresultsfrom thefact,thatfor time-scaling,theanalysis
hopsizeequalsthesynthesishopsizedividedby thetime-scalingfactor, while thesynthesis
hopsizeis keptconstantê E x kGì ê � E;íGîð (4x-overlap).

Note that in this implementationtime-scalefactorsarelimited to valuesof
�6÷ x ��� î � E � � ì � � E;íGîn x n Ü ÷P� E � � ì � � Eøí"î .

Sincethe analysishopsizeis roundedoff to an integer numberof samples,the numberof
largetime-scalefactorsis very restricted.A remedyfor this problemwould beanalteration
of thehopsize.

5.3.2 Calculation of a reducedvariancespectrumfor peak-detection

To reducethevarianceof theappoximatedspectrumof anactualframefor thepeakdetec-
tion, anaveragemagnitudespectrumis calculatedincluding theactualframespectrumand
weightedspectraof a frameabout11 ms in advance,and the (averaged)spectrumof the
frameabout11msbeforetheactualframe.

Thereducedvariancespectrumis calculatedasfollows:� s mô�ù � 
lú Â � s m ] ùô�ù � � }�û � s m � � }�· � s m á ù � �Â }tû�}¤· (5.1)� s mô�ù � . . . . actualreducedvariancespectrum
� s m ] ùô�ù �

. . . reducedvariancespectrumv framesbeforetheactualframe
� sümn �

. . . . actualanalysismagnitudespectrum
� süm á ùn �

. . . analysismagnitudespectrum,v framesin advance
a,b,c. . . . . . weightingfactors
v . . . . . . . . . numberof framescorrespondingto about11 ms

Settingtheweightingfactorsa=c=0,andb=1 resultsin a “normal” variance,resultingfrom
theapproximationmethod,while a=b=c=1minimizesthevariance.In this implementation
wehavechosenthefollowing values:a=c=0.5,andb=1.

Sincefor this calculationwe needonespectrumin advanceandanotherfrom the past,a
buffer is introducedwhichcarriesthemagnitudespectraof thev next framesandthereduced
variancespectraof the v previous frames. Using the reducedvariancespectraasprevious
onesinsteadof theactualmagnitudespectraon theonehandfurtherreducesvariance,while
on theotherhandit reducesthetime-resolution.

5.3.3 detanalysis and deterministic/stochasticseperation

The deterministicpeaklocationsandthe region of influencefor eachpeakallow to distin-
guishthefollowing parameters:g

Deterministicmagnitudesg
Deterministicphasesg
Stochasticmagnitudes
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FIGURE 5.3: TheAnalysis/Transformation/Resynthesissystem.

5.3.3.1 Deterministic magnitudesand phases

Thedeterministicmagnitudesandphasesaresimply themagnitudeandphasevaluesat the
peak-binsresultingfrom the detanalysis-function,plus the bins of the region of influence,
which dependson themain-lobeshape.
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5.3.3.2 Stochasticmagnitudes

The stochasticmagnitudesare calculatedfrom the actualmagnitudespectrumby setting
the deterministicmagnitudevaluesto the lower valueof the outerpeak-binneighborsand
smoothingtheresultingspectrum.As asmoothingmethod,4-samplemoving averagefilter-
ing waschosen.

A plot of the deterministicandstochasticmagnitudesof a “sawtooth + noise”-like sound
(AppendixB) is shown in figure5.4.
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FIGURE 5.4: Deterministicandsmoothedstochasticmagnitudespectra
(“sawtooth+ noise”-likesound)

5.3.4 Resynthesis

5.3.4.1 Resynthesismagnitudespectrum

The resynthesismagnitudespectrumis a combinationof two spectra:the stochasticmag-
nitudesplus themagnitudesof thedeterministiccomponents.In this way, we maintainthe
originalmagnitudesof thesinusoids,while smoothingthestochasticsignalcomponent.

5.3.4.2 Synthesisphasespectrum

As soonasthephaseshavebeendetermined,scaledphase-lockingis appliedto themin order
to preserveverticalphasecoherence.Thisalgorithmcontainstwo basiccalculations:
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Recognitionof peaksmoving from onebin to another. In oursystem-scheme,thepeak
switch detection-block correspondsto this importantfeatureof scaledphase-locking:
Theactualpeaklocationsarecomparedwith theonesof thepreviousframe.If apeak
switchesto aneighboringbin, thesynthesisphaseandphaseincrementof theold peak
is usedfor deriving thesynthesisphaseof theactualpeak(seeequation2.12).g
Thephaserelationsof thebinsaroundthepeakin theanalysisframearepreservedin
thesynthesisframewithin theregionof influence.

Thestochasticphasesarederivedby arandomphasegeneratorandmaskedby thedetermin-
istic phasesto obtainthesynthesisphasespectrum.

5.3.4.3 Inverseshort-time Fourier transformation

At last,theoutputsignalis generatedfrom theresultingmagnitudeandphasespectraby an
IFFT/overlap-addsynthesis.



Chapter 6

Strategiesfor transient detection

6.1 Intr oduction

Four algorithmsfor detectionandlocationof abrupttime/spectralchangesin a signalhave
beenimplementedandtestedin MatLab��� . Masri [81] proposedthreemethodswhich are
basedonspectralenergy distribution,theattackenvelopeandspectraldissimilarity. Another
algorithmusesthe energy distribution in time domain. Two further methodsto detectfast
changesarementioned.

6.2 Detectionbasedon energy distrib ution

MatLabImplementation:trendist.m
Thisalgorithmcalculatestheenergy andhigh frequency content(HFC) of eachframe.ý 
 R � st� � � � � (6.1)þüÀ Í 
 R � st� � � � � � (6.2)

E . . . . . energy functionfor thecurrentframe
HFC. . high frequency content

(weightedenergy function,linearly biasedtowardthehigherfrequencies)
X(k). . . FFT-Magnitude(k...bin index)

Relatingthosevaluesresultsin ameasureof transienceMoT:ã@¸ö� ô 
 þüÀ Í ôþüÀ Í ô ] T þüÀ Í ôý ô (6.3)

subscriptr denotescurrentframesubscriptr-1 denotesthepreviousframe

A transientis detectedifã@¸ö� ô %t�1ÿ�¾ �+ÿ (6.4)

41
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��ÿ�¾ �Uÿ . . .Thresholdfor detectionusingtheenergy distributionmethod

Parameters:

fftsize= 128
no overlap
threshold= 1
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FIGURE 6.1: Detectionbasedonenergy distributionappliedona
berimbaosound.

6.3 Detectionby attack envelope

MatLabImplementation:trattenv.m
Block-basedcalculationof thesignalenvelopemakesit possibleto detectsuddenriseswithin
thesignal. At first, themaximumvaluesof consecutive, nonoverlappingblocksareevalu-
ated:

�������	��

������������������ ��� �������! "
#� �%$ (6.5)

Thepeakfollowerwill beupdated,if thenew sample-blockvalueis higherthanthepreceding
onemultiplied by a factorof decay:

& �����	��

��� � �������(' & ����)+*,�.-0/�132547698 $ (6.6)
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x(T) . . samplesequence
y(n) . . . max.valueof theblock
m . . . . sampleswithin eachblock
M . . . . blocksize

k 132547638 . . . decayfactor

A detectionis registeredwhenthe relationof the actualpeakfollow valueto the last one
exceedsa threshold��:�; <>= (detectionthresholdfor theattackenvelopemethod).

& �����& ���?)+*,�A@ ��:�; <B= (6.7)
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FIGURE 6.2: Detectionbasedon theattackenvelopeappliedon
aberimbaosound.

Parameters:

block length= 128
decay= 0.85
threshold= 1.6

6.4 Detectionby spectral dissimilarity

MatLabImplementation:trspecdis.m
A suddenchangein energy and a suddenchangeof spectralcontentcan be detectedby
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comparingthespectraof neighboringframes.

CED �GF �H�JI D �K/�� � ) �,I D �ML �5/�� �N�OPD �ML (6.8)

CED
. . . . . dissimilarityfunctionfor framer

I D �K/�� . . . kth bin of FFT framerOPD
. . . . . energy function(6.1)

Alternatively:

CED �GF �H�JI D �K/�� � L ) �JI D �ML �5/>� � L �
�JI D �ML �K/�� � L (6.9)

Conditionfor detection:

CED @ ��:�; QR: (6.10)

��:�; QR: . . . thresholdfor detectionusingthespectraldissimilaritymethod
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FIGURE 6.3: The spectraldissimilarity methodappliedon the
Berimbaosound.

Parameters:

fftsize= 256
2x overlap
threshold= 100.000
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6.5 Detectionby energy relationsin the time domain

MatLabImplementation:trentime.m
Similar to theenergy distributionmethodwhichdealswith energy relationsin thefrequency
domain,we introducea time domainalgorithmwhich relatesthe high frequency content,
calculatedby highpassfiltering theinputsignal,to thetotal energy of thesignal.Therefore,
the signalis divided into non-overlappingblocks. Appropriatefilter coefficientsandblock
sizehave to befound.

A blockof 128SamplesS is to befiltered,squaredandsummedupto getavaluefor thehigh
frequency content:

TNU�V �WF S LX (6.11)

hfe . . . valuefor high frequency energy
sL X . . . filteredandsquaredblocksamples

O �GF S L (6.12)

Now we relatethehigh frequency energy to thetotal energy E

Y#� TNU�V
O (6.13)

Y . . .HFC to Energy measure

In orderto find positive slopeswe differentiateY andeliminatethe negative values(setto
zero).

YNZ>�\[ Y
[�] (6.14)

with

Y Z �G^ _`Y Zba ^
All valuesfor Y Z beyondacertainthresholdareregisteredastransients:

YNZ @ ��:�; =�ced>: (6.15)

T :�; =bc%d>: . . .Thresholdfor detectionusingthespectraldissimilaritymethod

Parameters:

Blocksize= 128
No overlap
T :�; =bc%d>: = 0.1
Filter coefficients:

A = [1 -1.10980.3678]
B = [0.9026-1.17530.3981]
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FIGURE 6.4: Magnituderesponseof theHP-filter.

0 1 2 3 4 5 6 7 8

x 10
4

−0.5
0

0.5

S
ig

na
l

Time

S
pe

cg
ra

m

0 0.5 1 1.5 2 2.5 3 3.5 4

x 10
4

0

0.5

1

100 200 300 400 500 600
0

0.2
0.4
0.6
0.8

hh
/e

e

100 200 300 400 500 600
0

0.1
0.2
0.3

ed
iff

0 100 200 300 400 500 600 700
0

0.5

1

T
ra

ns
. l

oc
s

Th 

FIGURE 6.5: The time domainenergy relationsmethodapplied
on theBerimbaosound.

6.6 Other methods

6.6.1 Constant-Q analysis

BasedonaConstant-QAnalysis[96], thebonkf -objectwasdevelopedfor PDandMAX/MSP
by Miller Pucketteetal. [99]. It is ableto detectsharprelativechangesin thespectrumwith-
out any accompanying large changein the overall power. The spectrumis divided into 11
constant-Qfilters,of which theoutputsrepresentspectralenergies.A growth functiong re-
latesthe changeof power of consecutive framesfor eachchannel.The sumof the growth
estimatesof all channelsis comparedwith athreshold.If thetotalgrowth exceedsthethresh-
old, anattackis reported.Bonkf offersthepossibility to comparea new attackwith a setof
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pre-recordedattacksin order to guesswhich of the possibleinstrumentswas responsible
for it. After a certainlearningphase(storing templates)bonkf can identify somesortsof
instruments

6.6.2 Detectionof fast changes

This approach[100] observesbankfilter energies,Mel cepstrumcoefficientsandits deltas.
Thesevaluesarecombinedfollowing severalrules.Themainideais to find pointsof maxi-
mumincreasingslope.

FIGURE 6.6: Fastchangesdetection.(From:[100])

6.7 Choosinga transient detectionmethod

The spectraldissimilarity methodhasbeenfound to be an appropriateway to detecttran-
sientswith rather low computationtime. This methodmakes it possibleto register fast
spectralchangeswhichdo notgo alongwith fastchangesin timedomain.

6.8 Embeddingtransient detectioninto a fr equencydomain
Analysis/Resynthesissystem

Figure6.7shows how transientdetectioncanbeincludedin thesystem.Beforeprocessing
ananalysisframe,a certaintime spanat theendof theframeis scannedfor transientsusing
thespectraldissimilaritymethoddescribedabove. If a transientoccurs,theanalysishopsize
is setequalto the synthesishopsizeandthe following four successive framesaredirectly
takenover for resynthesis,takingcareof appropriatecomputationof theoutputphase.
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FIGURE 6.7: Transientdetectionintegration.



Chapter 7

Results

7.1 Implementation

Thefollowing implementations1 havebeentestedonvarioussounds,which aredocumented
in AppendixB:

g Standard phasevocoder. The implementationof the standardphasevocoderwas
adaptedfrom [38]. Thephasevocoderanalysis-functioncalculatesthemagnitudesand
phasesof thesignalframesof theentiresignalandstoresthedatawithin two vectors.
This kind of implementationrequiresa lot of memoryspacefor time-expansionof
long samples.On this account,theanalysis/synthesisfunctionshave beencombined
andeditedfor frame-by-framecomputation.

g Phase-locked vocoder using “scaled phase-locking”. Basedon the improvements
presentedby LarocheandDolson(seesection2.4), the standardphasevocoderpro-
gramhasbeenupgradedby thescaledphase-lockingalgorithm. In this implementa-
tion, theregion of influencehasbeensetto thechannelof lowestmagnitudebetween
two peaks.

g The deterministic/stochasticphasevocodersystem.Theextensionsfeaturedby this
systemaredescribedin section5.3.

g The d/s-systemincluding transient detection. The transientdetectionadd-onwas
appliedonly to somespecialsamples(AppendixB.2).

7.2 General statements

For very large modificationfactors,the phasinesshasbeenfurther reducedby determinis-
tic/stochasticseparationin comparisonto scaledphase-locking.Smoothingstochasticmag-
nitudesandrandomizingstochasticphasesseemsto “relax thetension”resultingfrom phase-
locking theentirespectrum.

1seeappendixA for informationon theMatLabhji -scripts
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Especiallyin harmonicsounds,higher partialsare not detected,which resultsin a more
dull timbre.A mainreasonfor failing detectionarethefixedconditionswithin theenhanced
peak-detection(detanalysis). Low magnitudelobe-shapesrequirealowerpeak-pickingthresh-
old NTH, andthusmoreaccurateconditionsto getrecognized.Detectionmissesresultin a
degradationof thequalityof theperceivedsound.

Observingthe computationtime of the different implementations,it is clearthat the algo-
rithms which includepeak-detectiontake muchlongercalculationtimesthanthe standard
phasevocoder.

7.3 Timbr e-dependentalterations
g Harmonic sounds.As wealreadymentionedabove,thetimbreof thiskind of sounds

changes.For large scalingfactors,slowly varying frequenciesresult in beatswhen
modified by the standardphasevocoder. This artefact can be preventedby phase-
locking in themostcases.

g Noise.As theanalysisof white noiseshows,spectralimpulsescauseshort-term“par-
tials” due to the inconsistency of the approximationmethod. The reducedvariance
mechanismhelpssuppressingsuchspuriouspeaksin thepeak-pickingstage.

g Transients.Thewell-known“transientsmearing”comesupfor thesamereasonasthe
spuriouspeaksresultingfrom noise. Very steepattacksget weakened. Somesound
examplesillustratethe transientdetectionextension. As you canhearin thesamples,
thenaturaltimeevolutionof thesoundtoddlesdueto thevariationof theframeratein
theanalysisduringthetransientperiod.Thenceit is destroyed.A furtherdrawbackof
this methodis thatthedecayenvelopeof thetransientscannotbemodeled.



Chapter 8

Summary & Outlook

8.1 Summary

In this thesis,anenhancedphasevocodersystemfor time-scalemodificationwaspresented,
which is basedon theseparationof thedeterministicandstochasticcomponentsof a sound
signal. As the heartof the system,a MatLab

d � -function identifiessinusoidsby screening
reducedvariancemagnitudespectra,sodeterministicandstochasticmagnitudesandphases
canbe distinguished.While the phasesof the deterministicmain-lobesare locked to the
peak-binphase,thestochasticphasesaresetto randomnumbers.In addition,thestochastic
magnitudesare slightly smoothedin order to obtain betterresultswhen modifying noisy
sounds.All thesefeatureshavebeenimplementedin aMatLab

d � -script.

8.2 Outlook

As anoutlook,someimprovementsareproposed,which couldbethebasisfor furtherwork
on this matter:

g Improving thedetectionalgorithmto avoid missingpartials.

g Thus,extendingthedetectionfunctionby distinguishingpeaksof high andlow mag-
nitudes(relatedto the neighboringmagnitudes)and verifying them using different
parametersets.

g Optimizingthescriptin termsof computationalefficency andimplementingthesystem
in aC/C++programmingenvironment.

g Includinga kind of peakcontinuationsystem.For a peakwhich obviously belongsto
apartialtrack,thedetectionconstraintscouldberelaxed.

g Therelativephasedelayrepresentationof quasi-harmonicsignals(section3.2.3)could
ensurephaseconsistency for eithernew partials,or partials,of which thephasecon-
sistency got lost for whatever reason.
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g Within the transientregion, othertime-stretchingfactorsshouldbeusedto warranta
minimum of amplitudedecaypreservation. We proposeto scalethe transientframes
following an

V �%k -curve.

g Therangeof time-scalingfactorscouldbeextendedby alternatingthehopsize.



Appendix A

Software

For eachof theimplementations,a ‘stand-alone’-scriptanda functionhasbeencreated.The
functionsallow easyuseof thealgorithmsby justsettingtheinputparametersasdocumented
below. Anotheradvantageof thefunctionsis thataseriesof soundexamplescancomfortably
begeneratedby ascriptcontainingfunctioncallswith differentinput parameters.

A.1 Standard phasevocoder

Script: pvoc1_std.m
Function: pvoc1_std_function(infile,outfile,factor)

Input parameters:
infile....input filename
outfile...output filename
factor....time-scaling factor

A.2 Phase-lockedvocoder

Script: pvoc2_lock.m
Function: pvoc2_lock_function(infile,outfile,factor)

Input parameters:
infile....input filename
outfile...output filename
factor....time-scaling factor

A.3 d/sphasevocoder

Script: pvoc3_ds.m
Function: pvoc3_ds_function(infile,outfile,factor)
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Input parameters:
infile....input filename
outfile...output filename
factor....time-scaling factor

A.3.1 Extensionto the d/s-pv: Transient detection

Script: pvoc4_td.m
Function: pvoc4_td_function(infile,outfile,factor)

Input parameters:
infile....input filename
outfile...output filename
factor....time-scaling factor

A.4 detanalysis

As describedin section5.2,thisfunctionreturnsthedeterministicpeaklocationsandregions
of influencefor a givenmagnitudespectrum.

Function: [detpeakloc,roi]=detanalysis(Xm)

Input parameters:
Xm...........Magnitude spectrum (logarithmic)

Output parameters:
detpeakloc...locations of the detected peaks
roi..........region of influence for each peak [l,u]

l...distance to the lower limit
u...distance to the upper limit



Appendix B

Soundexamples

B.1 Analysissounds

Thealgorithmshavebeentestedon thefollowing soundsamples:

FromtheICMC2000Analysis/Synthesiscomparisonsession:
(http://cnmat.cnmat.berkeley.edu/SDIF/ICMC2000/sounds.html)

g Harmonicmonophonicphrase:Clarinetphrase“deplus”. “Harris trim” (JamesBeauchamp)

g Harmonicmonophonicphraseon a polyphonicinstrument:Acousticguitarplayinga
monophonicline. “Br okendownengine”(AdrianFreed)

g Noisy reattackedstring: Berimbao.“Berimbao” (Xavier Rodet)

g Singinginto andplayingafluteat thesametime. “Flute voice” (AdrianFreed)

g Speech:ShafqatAli Khansaying“research”.“Research” (Matt Wright)

FromJeanLaroche(privatecommunication):

g Fragmentfrom aMozartpianopiece.“Mozart”

g Fragmentfrom SusanVega’s “Tom’sDiner”. “Vega”

Others:

g AverageWhiteBand:“Pick up thepieces”(fragment).“Pic k”

g White noise.“Whitenoise”
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B.2 Time-scaledsoundexamples

For eachof thesoundexamples,15 time-scaledversionshavebeengenerated:fiveusingthe
standardphasevocoder, five usingthephase-lockedvocoderandfive usingthedeterminis-
tic/stochastictime-scalingsystem.

Thesoundshavebeentime-expandedby thefollowing factors:

1.1,1.5,2, 4.1,and10.2

Eachexampleis put togetherin the following way for eachexampleandeachtime-scaling
factor:

g Original sound

g Soundsynthesizedusingthestandardphasevocoderalgorithm

g Soundsynthesizedusingthescaledphase-lockedvocoderalgorithm

g Soundsynthesizedusingthedet./stoch.phasevocoderalgorithm

For the demonstrationof an extremly large time-scalefactor, the “Vega” samplehasbeen
time-expandedby thefactorof 256(which is themaximumlimit 1).

Additionally, thetransientdetectionwasappliedto “Mozart” and“Pick”.

All soundexamplesarecompiledon theaccompanying CompactDisc. TableB.1 presents
thecontentof theCD.

1This factorcorrespondsto ananalysishopsizeof 1.
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Track Soundexample Factor
01 “Harris trim” 1.1
02 “Harris trim” 1.5
03 “Harris trim” 2.0
04 “Harris trim” 4.1
05 “Harris trim” 10.2
06 “Brokendownengine” 1.1
07 “Brokendownengine” 1.5
08 “Brokendownengine” 2.0
09 “Brokendownengine” 4.1
10 “Brokendownengine” 10.2
11 “Berimbao” 1.1
12 “Berimbao” 1.5
13 “Berimbao” 2.0
14 “Berimbao” 4.1
15 “Berimbao” 10.2
16 “Flute voice” 1.1
17 “Flute voice” 1.5
18 “Flute voice” 2
19 “Flute voice” 4.1
20 “Flute voice” 10.2
21 “Research” 1.1
22 “Research” 1.5
23 “Research” 2.0
24 “Research” 4.1
25 “Research” 10.2
26 “Mozart” 1.1
27 “Mozart” 1.5
28 “Mozart” 2.0
29 “Mozart” 4.1
30 “Mozart” (+ transientdetection) 4.1
31 “Mozart” 10.2
32 “Vega” 1.1
33 “Vega” 1.5
34 “Vega” 2.0
35 “Vega” 4.1
36 “Vega” 10.2
37 “Vega” (standardpvoc) 256
38 “Vega” (phase-lockingpvoc) 256
39 “Vega” (d/spvoc) 256
40 “Pick” 1.1
41 “Pick” 1.5
42 “Pick” 2.0
43 “Pick” 4.1
44 “Pick” (+ transientdetection) 4.1
45 “Pick” 10.2
46 “Whitenoise” 10.2

TABLE B.1: CD-Tracklist
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