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Abstract

The phasevocoderhasbeenusedasatime-scale-modificatiotool for severaldecadesAp-
plying large positive modificationfactorsto differentkinds of soundgtime-stretching)the
resultwill alwayssound“phasy” or “reverberant”. The soundquality canbe improved by
“locking” the phasesPhase-lockingreseresthe phaserelationsarounda local maximum
in themagnitudespectrum For large modificationfactors Jocking the entirephasespectrum
sounds'rigid”.

In this work, the deterministicand stochasticcomponent®f a soundare separatedn the
frequeny domain,andonly the phase®f sinusoidsarelocked, while the remainingphases
aresetto randomnumbers.The deterministicpartis detectedwithin a “reducedvariance”
magnitudespectrunusingheuristicconditions.Thereducedvariancespectrumis calculated
by weighting the actualmagnitudespectrum the spectrumof a frame about11l msin ad-
vanceand the reducedvariancespectrumll ms beforethe actualspectrum. In this way,
the varianceof the approximationcanbe reducedor the peak-detectioryielding betterre-
sultsfor noise-like signals.For resynthesisthe deterministianagnitudegrecombinedwith
the smoothedstochastianagnitudesandthe locked phasesare combinedwith therandom
phases.

Kurzfassung

Der Phasen-¥coderwird seit mehrerenJahrzehntemls Algorithmus zur Zeitskalenmodi-
fikation verwendetWird ein Klang extrem in der Zeit “gedehnt”,klingt er “phasy” bzw.
“hallig”. Eine Methodezur VerbesserunderKlangqualittist “phase-locking”.Dabeiwer-
dendie Phasenbeziehungeand um ein lokalesMaximumim Analyseamplitudenspektrum
in die Berechnungler Synthesephasedibernommenkur grosseSkalierungsdiktorenklingt
dasErgebnis‘starr”, wennphase-lockin@qufdasgesamtéhasenspektruamgevendetwird.

In dieserArbeit werdendie deterministischemind stochastischeAnteile einesKlangesim
FrequenzbereicgetrenntDadurchistesmoglich, nurfur diedeterministischeRhasemphase-
locking zuverwendemnunddie stochastischeRhaserauf Zufallszahlerzu setzenDie Detek-
tion derdeterministischeKomponenteyeschiehtnnerhalbeinesAmplitudenspektrumsmit
verringerteVarianzund basiertauf heuristischeBedingungenDie Varianzder Schatzung
wird dadurchverringert,da dasaktuelleAmplitudenspektrumgdasSpektrumca. 11 msda-
nachunddasSpektrunmit reduzierteiarianzca.11 msdavor, gewichtetwerdenIn diesem
gewichtetenSpektrumwerdendie spektraleMaximagesuchtDurchdie ReduktionderVa-
rianz der Schatzungwerdenfir rauschhaft&Signalebesserdresultatebei der Detektiondes
deterministischeAnteils erreicht.Fur die ResynthesdesmodifiziertenSignalswerdendie
deterministischeAmplitudenmit dengeglatteterstochastischeAmplitudenunddie deter
ministischerPhasemit denzufalligen Phaserkombiniert.
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Chapter 1

Intr oduction

1.1 What this thesisis about

This thesisfocuseson time-expansionof musicalsignalsusingthe phasevocoder Theaim

is to find an algorithm, which yields good resynthesisising large scalingfactors. At the
beginning, we give a brief generalovervien on time-scalemodificationbasedon an article
of MoulinesandLaroche[1]. Chapter2 presentanintroductionto the phasevocoderandits

applicationto time-scale-gpansion As alternatvesto the phasevocoderasatool for sound
analysis/transformation/resynthestgeesignalmodelsarereviewedin chaptei3. Chapte#

exploresthecharacteristicef thephasevocodemparameters orderto find conditionsusable
for deterministiccomponendetection. This is part of an enhanceghasevocodersystem
presentedn chapters. Finally chapter6 concentratesn stratgiesto detecttransientsand
shaws how sucha detectioncouldbeincludedin the system.

1.2 Talking about time-scalemodification

1.2.1 Definition

(From[1]:) Theobjectof time-scalemodificationis to alterthesignal’sapparentime-evolution
without affectingits spectrakontent.Defininganarbitrarytime-scalemodificationamounts
to specifyinga mappingbetweerthetime in the original signalandthetime in the modified
signal. This mappingt — t' = T'(¢) is referedto asthe time warping function In the fol-
lowing, ¢ refersto thetime in the original signal,#’ to thetime in the modifiedsignal. It is
oftencorvenientto useanintegral definitionof T:

F ot = T(t) = /Otﬁ(f)dT (1.1)

wherej3(r) > 0 is thetime-varyingtime-modificatiorrate'.

18(r) > 0 guaranteethatT'(t) is never decreasingindthereforethat 71 (¢') exists.
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B(r) > 0 ...time-scalemodificationrate:

B(1) > 1 < time-scaleexpansion
B(1) < 1 < time-scalecompression

1.2.2 Mathematical model

Thefollowing definitionsarebasednasinusoidaimodel(seechapterl), in whichthesignal
is representeddy a sumof sinusoidslt is importantto notethatthe sinusoidsinstantaneous
amplitudeA;(t) andfrequeny w;(t) areallowedto vary only slowly in time. A shortsection
of asoundcanthenbeconsideredsstationary

Signalmodel:
I(t) ,
z(t) = A;(t)ed?® (1.2)
i=1
with

5= [ " wi(r)dr

—0o0

Idealtime-scaledsignal:

H(T=(#) o
()= Y ATT())e ) (1.3)
=1
with
tl
(t) = [ w@(m)dr
Remarks:

e Theamplitudeof thei'" oscillationof thetime-scaledsignalattimet’ is equivalentto
the amplitudeof the original signalattime T 1(t")

W) — w(t') equalsw;(T~'(t')), sothe temporalevolution is modified, but the fre-

gueng contentremainsunchanged.

1.2.3 Applications

Time-scalanodificationis usedin

e Synthesisby sampling. Synthesizerdasedon the samplingtechniquetypically hold
adictionaryof pre-recordedoundunits(e.g.,musicalsoundor speeclseggmentsiand
generate continousoutputsoundby splicingtogetherthe segmentswith a pitch and
durationcorrespondingo the desiredmelody Becauseherecanonly be a limited
numberof soundsegmentsstoredin the dictionary one cannotafford samplingall
possiblepitchesand durations,hencethe needfor indepententime-scaleand pitch-
scalecontrol.
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e Post-synchionization. Synchronizingsoundanimageis requiredwhena soundtrack
hasbeenpreparedndependentlyrom theimageit is supposeo accompap. By mod-
ifying the time evolution of the soundtrack, oneis ableto re-synchronizesoundand
image.A typical exampleis dialoguepost-synchronizatiom the movie industry

e Data compression. Time-scalemodificationhasalso beenstudiedfor the purpose
of datacompressiorfor communication®r storagef2]. The basicideaconsistedof
shrinking the signal, transmittingit, and expandingit after reception. It wasfound
however, that only a limited amountof datareductioncould be obtainedusing this
method.

¢ Readingfor the blind. For visually impairedpeople listeningto speeclrecordings
canbetheonly practicalalternatveto reading.However, onecanreadatamuchfaster
ratethanonecanspeakso ‘readingby listening’ is a muchslower procesghansight
reading.Time-scalemodificationmakesit possibleto increasehis listeningrate.

e Foreignlanguagelearning. Learninga foreignlanguagecanbe significantlyfacili-
tatedby listeningto foreign spealerswith anartificially slow rateof elocutionwhich
canbe madefasterasthe students comprehensioimproves.

e Computer interface. Speech-basecbmputerinterfacessuffer from the samelimita-
tion asencounteredh ‘readingby listening’. The paceof theinteractionis controlled
by the machineandnot by the user Techniquedor time-scalemodificationscanbe
usedto overcomethe ‘time bottleneck’oftenassociateavith voiceinterfaces.

e Post-production SoundEditing. In thecontext of soundrecording theability to cor
rectthe pitch of an off-key musicalnotecanhelp salvagea take thatwould otherwise
be unusable Multi-track hard-diskrecordingmachinesftenoffer suchcapabilities.

e Musical composition. Finally, musiccomposersvorking with pre-recordednaterial
find it interestingto be given an independentontrol over time and pitch. In this
contet, time andpitch-scalemodificationsystemsare usedascompositiontools and
the‘quality’ of themodifiedsignalis animportantissue.

1.2.4 Techniquesfor time-scalemodification

Generallytime-scalanodificationcanbeimplementedn threeways,for furtherdetailsrefer
to thebibliography

1. Timedomain:

e Modifiedtaperecorder3]
e Digital implementatiorof themodifiedtaperecorder4].

e Improvements:

Speech|5], [6], [7], and[8]
Music: [9], [10], [11], and[12]
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2. Frequeng domain:Shorttime fourier transfomationSTFT)[13]
e Improvements:
Speech[33] and[14]

Music: [31], [35] and[15]
Seealsochapter2.

3. Signalmodels:Modelinga signalandchangingthe parameters

e Linearpredictionmodels]16] and [17]
e Sinusoidaimodels(plusnoise):seechapter3
e “Granularmodels™:[18], [19], [20] and[21]



Chapter 2

PhaseVocoder

2.1 Intr oduction to the phasevocoder

HomerDudley introducedhe“channelvocoder”(voicecoder)in 1939 [28], whichoperates
on the principle of deriving voice codesto re-createthe speechwhich it analysed.In the
analysisstagethefundamentafrequeny is determinedandspectrainformationis provided
by tenfilters. The synthesizediscriminates/oiced-urvoicedspeectby useof theenegy of
thefundamentafrequeny andgenerates buzzfor voicedsoundsandrandomnoisefor the
hiss. This signalgetsfiltered correspondingo theanalysis.

Flanagarand Golden[29] have beenextendingthis modelby taking the short-timemagni-
tudeand phasespectraof thesignalinto account.Sincethenthenow called“phasevocoder”
hasbeendevelopedin variousways.

In his phasevocodertutorial [35], Mark Dolsonpresentedwo complementaryiewpoints,
which explain how phasevocodercalculationswork: He referedto theseviewpointsasthe
filterbankinterpretatiorandthe FouriertransforminterpretationFigure2.1).

Filterbank interpretation

In the analysisstage the time-varyingamplitudesandfrequencief a signalareextracted
by a fixed bank of bandpasdilters. Theseparameterare thenusedto control a bank of
sine-wave oscillatorsfor resynthesis.

Thisthesisis basednthe Fouriertransforminterpretationsothiskind of analysis/synthesis
will bedescribedn the next section.

2.2 Short-Time Fourier Transform (STFT)

A soundanalysis/synthesisystembasedon the STFT is structuredasshown in figure 2.2.
Thefollowing sectionswill describethemainpartsof the system.

10
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Frequency
A

(G . . - ) Filter view

N\

Fourier view

» Time

FIGURE 2.1: Filterbankvs. Fouriertransforminterpreta-
tion (from: [35])

Input sound STFT - Analysis — Parameters
Modification
Modified parameters STFT - Synthesis Output sound

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

2.2.1 Analysis

During the analysisstage(figure 2.3), analysistime-instants? for successife valuesof in-
teger u are setalongthe original signal, possiblyuniformly: ¢t = uR, whereR, is the
so-calledanalysishopfactor At eachof theseanalysistime-instantsa Fouriertransformis
calculatedover a windowed portion of the original signal,centerecaroundt’. Theresultis
thenonheteodynedSTFTrepresentatioof the signal,denotedX (¥, ):

X)) = 3 h(n)a(t +n)ei%n 2.1)

n=—oo
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Input sound

A

Windowing

Magnitude & Phase
Spectra

FIGURE 2.3: Short-time Fourier trans-
form: Analysis.

wherez is theoriginal signal,i(n) is theanalysisvindow, 2, = % is thecenterfrequeng

of the kth vocoder‘channel’andV is the sizeof thediscreteFouriertransform.In practise,
h(n) hasalimited time span(typically N samplesyandthe sumabove hasa finite number
of terms. X (t¥, <) is both a function of time (via variableu) and frequeng (via €).

(From:[41])

2.2.1.1 The analysiswindow - time/fr equencytrade-off

The well-known time/frequeng trade-of is a very importantissuein audioanalysis. The
pointis thatlargewindows provide goodfrequeng resolution but poortime resolution,and
smallwindows vice versa.

2.2.2 Resynthesis

The resynthesisstage(figure 2.4) involves setting synthesistime-instantst?, usually uni-

formly, sothatt? = R,u, whereR; is the synthesishop factor At eachof thesesynthesis
time-instantsa short-timesignaly,, (n) is obtainedby inverse-Puriertransformingthe syn-

thesisSTFT Y (¢%, Q). Eachshort-timesignalis thenmultiplied by an optionalsynthesis
window w(n), andthe windowed short-timesignalsare all summedtogether yielding the

outputsignaly(n):

Y= 3 wln— )ya(n — 1) 22)
with
() = — 3 V(1 Q)%
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Modified
magnitude & phase
spectra

A

IFFT

A

Windowing

A

Output signal

FIGURE 2.4: Short-time Fourier trans-
form: Resynthesis.

In the absenceof modifications(i.e., R, = R, and Y (t%, Q) = X (t%,€)), this output
signalis identicalto theoriginal signalz, undermild conditionsontheanalysisandsynthesis
windows [43]. (From:[41])

2.3 Time-scalemodification usingthe phasevocoder

Thetime-scaleof a signalcanbe modifiedby the analysisandsynthesishopsizebeingdif-
ferent

R, < R, .. .time-epansion
R, > R, ...time-compression

andcalculatingthe outputphase®f the modifiedsignalexplicitly in away describedelow.
Note that althoughthe phasevocoderis basedon a sum of sinusoidsmodel, no explicit
estimationof sinusoidalparameterss necessary

Modification of the magnitude

In this algorithm, the synthesismagnitudevaluesare the sameas the analysismagnitude
values:

| Y (te, %) =] X (25, ) | (2.3)
where
ty = Rsu

Sothereis no needfor modifying the magnitudespectrum.
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Modification of the phase

Phaseunwrappingis requiredto calculatethe synthesiphase.Thereforethe instantaneous
frequenciesy;(t) of sinusoidsneara certainvocoderchannelare calculatedby useof the
phasdancrementof two consecutre frames.

At first, the heterodynegbhasancrements calculated:

ADY = /X (1, ) — /X (%71, Q) — RS, (2.4)
After taking the principal determinatiorA,®} (betweentr), the instantaneoufrequeny
w(t*) of theclosestsinusoidis derivedfor eachchannel.

Phasaunwrapping:

1
w(ty) = Qe + R—Aptb}; (2.5)
Phaseropagatiorformula:
LY (£, Q) = LY (8271, Q) + RyGog(£2) (2.6)
Phasecoherence

The phasepropagationformula ensurephaseconsisteng within eachfrequeng channel
over time, which is denotedas horizontalphasecoheence On the otherhand,phasecon-
sisteng acrosschannelswithin a synthesiframehasto be presered,too. We referto this
kind of consisteng asvertical phasecoheence

In the next section,algorithmswill be presentedavhich take careof the phaseconsisteny.

More reference®nthe STFT/Phas&/ocoder(in chronologicalbrder):
[30], [24], [31], [32],[33], [43], [34], [36], [44], [26], [37], [45], [42], [38]

2.4 Phase-lockedVocoder

2.4.1 Loosephase-locking

Miller Puclette[39] refersto the factthata complex exponentialdoesnot only excite one
channelof the phasevocoderanalysisbut all of the channelswithin the main lobe of the
analysiswindow. He pointsout the necessityto “lock” the phasesroundbins of sinusoids
to reduceartefactsin the resynthesis.The new synthesisvaluesare basedon a weighted
averageof threeneighboringsynthesiphase®f the previousframe (hereadjacenbinsare
180degreesout of phase):

Zlui—1, k] | Zuwi—1,k] 4
X[tj_l,k]) | X[tj1, k] |

Yui, k] = X[t;, K)( (2.7)
with

Z[Ui_l, k] = Y[U'z'—la k'] - Y[U,Z'_l, k— 1] - Y[’U/Z'_l, k + 1]
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t.o..... actualanalysisrame

t; 1 .... previousanalysisframe
Upeonnns actualsynthesidrame
U; 1....previoussynthesisrame
K.o...... bin-number

X[t,K]. .. actualanalysigphases
Y...... synthesiphases

2.4.2 Rigid phase-locking

Inspiredby the phase-lockingnethodby Puclette, Larocheand Dolson([40], [41]) devel-
opedthe socalled“rigid phase-locking’-algorithmMoving a stepfurther, the peaksof the
magnitudespectrumare detectedandthe phase®f the neighboringbins arelocked to the
phase®f thepeakbinswithin a“region of influence”. Thebordersof theregion of influence
canbe setto the middle frequeng betweerntwo peak-binsor to the channelof lowestmag-
nitudebetweerthetwo peaks.

Two kindsof (rigid) phase-lockingrepresented:

e |dentity phase-locking

e Scaledphase-locking

2.4.2.1 Identity phase-locking

Thiskind of phase-lockin@ssigngheanalysisphaseaelationsof apeakbin to theneighbor
ing binsto the synthesigphaseswithin theregion of influence.

LY (£, ) = LV (£, Q) + LX (5 Q) — /X (£, Q) (2.8)

A major advantageof this methodis that only peakchannelsequiretrigonometriccalcu-
lations: Oncethe synthesigphaseof a peakchannelhasbeenderived, the differenceto the
analysisphase?, is usedto createa complex exponentialby which thebinsin theregion of
influencearerotated.

0 =LY (ty, %,) — LX (L, U.) (2.9)
Z =¢’ (2.10)
Y(t?an) = ZX(t37Qk) (211)

Identity phase-lockingsgcheme:

1. Forthenew STFTframe,locateprominentpeaks.

2. For eachpeak,calculatethe instantaneoufrequeng usinghorizontalphaseunwrap-
ping, andcalculatethe updatedsynthesigphaseaccordingo (2.6).
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3. Calculaterotation/6, accordingto (2.9),andphasorZ.
4. Apply rotationto all channelsaroundandincludingpeakchannelaccordingo (2.11).
5. Repeatheabove stepdor the next peak,until all peakshave beenprocessed.

6. Proceedo the next synthesidgrame.

2.4.2.2 Scaledphase-locking

Theidentity phase-lockingechniquecanbeimprovedby recognizinga peakswitchingfrom
channelk, atframeu-1to channelk; atframeu. In this casethe calculationof the phase
incrementn the phaseunwrappingequationchanges

from: /X (¢4, Q) — LX (41, Q)

to: ZX(tZ, le) — ZX(tg_l, Qko)

andthe phase-propagatioequationshouldbe:

Yt Q) = LY (£ Q) + R, (%) (2.12)

As soonasthecorrespondingpeakin the previousframehasbeenfoundfor the actualpeak,
we usethe analysisandsynthesiphase®f both peaksto calculatethe new synthesigphase.
Now theneighboringchannelsanbesynchronizedyy ageneralizeghhase-lockingquation:

ZY(t?’ Qk) = ZY(t?, ka) + ﬂ[ZX(tZ, Qk) - ZX(tz’ le)] (213)

B..... Scalingfactor
B =1...ldentity phase-locking

Using the upperformula, it appearghatidentity phase-lockingcanbe furtherimproved by
settingg to a valuebetweeroneandthe timescaling-&ctora. Informal listeningtestshave
shown thatsetting8 ~ 2/3 + «/3 helpsfurther reducephasiness.The phasesX (¢¥, ()
mustbe unwrappedacrosschannelsk aroundthe peakchannelbeforeapplying(2.13),in
orderto avoid 25w channejumpsin thesynthesiphasesSinceit is not possibleto calculate
with simplecomplex multiplicationshere theimplementatiorof scaledphase-lockingneeds
more computationthanidentity phase-locking.On the otherhandit providesconsistently
highersoundquality.

Scaledphase-lockingcheme:

1. Forthenew STFTframe,locateprominentpeaks

2. For eachpeakchannelk;, locatethe correspondingeakin the precedingrame,cal-
culatethe instantaneoufrequeng usinghorizontalphaseunwrapping,and compute
the updatedsynthesigphaseaccordingto (2.12).

3. Unwrapanalysisphasescrossll channelsn theregion of influence.
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4. For eachchannelroundthepeakchannelcalculateanalysigohasealifferencebetween
peakandcurrentchannelandcomputethe currentsynthesigphaseusing(2.13).

5. Repeatheabove stepsfor the next peak,until all peakshave beenprocessed.

6. Proceedo the next synthesidrame.



Chapter 3

Signhal Models

3.1 Intr oduction

This chaptershortly reviews signal models: The sinusoidalmodelandits developments,
Spectal Modeling SynthesigSMS) which extendsthe sinusoidalmodel by including the
stochastigartof a signal,andfinally TransientModeling Synthesisa systemwhich intro-
ducesamodelfor transients.

3.2 SinusoidalModeling

Quasi-stationargoundscanbe modeledby extractingthe sinusoidakcomponent®f the sig-
nal:

e Magnitude
e Phase

e Frequeng
McAulay andQuatieri([57], [58], [59]) setup a speechanalysis/synthesigechniquebased

onthis signalcharacterizationThis techniqueandits developmentswill bedescribedn the
next sections.

3.2.1 McAulay-Quatieri

TheMcAulay/Quatierianalysis/synthesisystem(furtherreferedto asMQ-system)s based
on asum-of-sinusoidsnodelfor which the sinusoidaparametersrecalculatedxplicitly .

Themodel:

z(n) = Z A;(n)cos|©;(n)] (3.1)

18
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with

oi(n) = | " wi(r)dr +

A;(n) .. time-varyingervelope
w;(n)...instantaneousequeny (frequeny trackof thei sinewave)
©;(n)...instantaneouphase

3.2.1.1 MQ-Analysis

As you can seein figure 3.1, after applyinga STFT on the input signal, the magnitude
spectrumis searchedor spectralpeaks,which indicatethe sinusoidalcomponentof the
analyzedsignal. For thosepeaksthe sinusoidaparameterarederived.

o TAN (+) Phases
Speech
Input . t
o————»(x)——» DFT B
I Frequencies
N | . | > Peak >
Wind Picking - >
fmdow Amplitudes

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

3.2.1.2 MQ-Synthesis

Figure 3.2 shaws the further processingf the peak-parameterslhe peaksarelinked over
successie framesto form tracks.Eachtrackrepresentthetime-varyingbehaior of asingle
sinusoidaktomponentn theanalysedsound.

For resynthesishe magnitudesrelinearly interpolatedandtrackfrequenciesremodulated
parabolically(cubicphasenterpolation)to presere the phaseaccurayg atframeboundaries.

Applicationto nonharmonisoundsy SmithandSerra:PARSHL [60]
Transformationsf61], [62], [63], [64], [65], [66]

3.2.2 LEMUR

Fitz andHaken[68] developedanextendedversionof the MQ-systemcalledLEMUR. This
tool performesan enhancedMQ-Analysison sampledsoundsand generates datafile de-
scribinga MQ-style sinusoidaimodelof thesignal. UsingLemur’s built-in editingfunctions
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Phases | FRAME-TO-FRAME Synthetic
PHASE | SINE WAVE SUM ALL L, gpeech
Frequencies UNWRAPPING & GENERATOR SINE WAVES Output
INTERPOLATION

FRAME-TO-FRAME
LINEAR
INTERPOLATION

Amplitudes

FIGURE 3.2: MQ-Synthesigfrom: [59])

thosefiles may be modifiedin differentways. Finally, Lemur cansynthesizehe modified
datato createa new sampledsignal.

Furtherreferencesf67], [69]

3.2.3 Waveform presewation basedon relative phasedelays

Di Federicd70] introducedasystenfor waveforminvarianttime-stretchingandpitch-shifting
of quasi-stationargoundsasedn arelativephasedelayrepresentationf thephase Once
thesinusoidaparameterbave beenextractedfrom thesignal,partialphasesretransformed
into phasedelays:

Ok
Tik = 2 (32)
Wi k
T..... framenumber

O, ... Phaseof the kth sinusoid
wi . - . Frequeng of the kth sinusoid
Tk - - - Phasedelayof the kth sinusoid

Since phasedelaysare homogeneousgjuantities(unlike phases)the phasedelaysof two
differentpartialscanbecomparedRelativephasedelaysrpds)aredefinedasthedifferences
betweerthe partialphasedelaysandthe phasedelayof the fundamental.

ATy = Tig — Tip (3.3)

The original waveform of a quasi-harmonicoundcanbe “built” on the phasevalueof the

fundamentalSothe soundis nolongerdescribedy magnitudes- frequencies- phaseshut

by amagnitudet frequencies rpds + fundamentaphaseepresentationBecausenalysis
phasearewrappedtherelatve phasedelayshave to be normalizedfor furthercalculations
sothatthenormalizedrelativephasedelays(nrpds)lie in therange|0, 27 /w;]. For resynthe-
sis, the synthesiphaseof thefundamentals evaluatedby cubicphaseanterpolationandthe

intraframephasecoherenc®f the otherpartialsis preseredby useof the nrpds
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This algorithmyields high quality resultsfor harmonicor quasi-harmonisoundseven for
time-stretchingactorsup to 30 andmore.

3.2.4 High PrecisionFourier Analysis using Signal Derivatives

Introducing a k**-order Fourier transform, Desainte-Catherinand Marchand([71], [72],
and[73]) have developeda systemwhichimprovesFourieranalysisprecisionin amplitude,
frequeng, andtime.

Restrictions:
As for all the othersystemsbhasedon a sinusoidalmodel, partialsmustbe slowly varying,
sufficiently spacedcandmustnot crosseachother

3.2.4.1 k-order DFT

DFT* denoteghe amplitudespectrumof the discreteFourier transformof the k-th signal
derivative.

dk

1 N-1
DFT*[m] = ¥ | > win dtk [l + nje I 5™ (3.4)
n=0

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

For eachpartial p thereis a maximumin both DFT? andDFT! spectrafor a certainindex

TheDFT? correspondso theclassicSTFT analysis.

19 =my 35)
ay = DFT°[m,)] (3.6)

0. .. partialfrequeng (=bin frequeng)
a® .. partialmagnitude
fs...samplingrate

N .. sizeof theanalysiswindow

Thefollowing equationgrovide muchmoreaccuratdrequengy andmagnitudevalues:

1 DFT'[m,)

21 DFT%[m,)] (3.7)

fi=
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CLO

1 _ p
KN ) &9

W(f) ...amplitudeof the continousspectrunof theanalysisvindow w atfrequeny f.

The window size canbe smaller so a bettertime-resolution(e.g.,for vibratos)canbe ob-
tained. The effectsof the analysiswindow compensatéy dividing thetwo DFTs, soe.g.,
tremoloscanberepresentetietter

Essentiabravbacks:

¢ Not usablefor low-pitchedsoundsiueto the smallwindow-lengths

e Noisecomponentfiave to be negligible

3.3 Spectral Modeling Synthesis- SMS

In [74], Serraintroducesa very importantextensionto the sinusoidaimodel: Theincorpora-
tion of the noisecomponent®f soundanto anextendedsignalmodel.

In this systemasoundis consideredo beacombinatiorof asumof sinusiodgdeterministic
componentandaresidual(stodasticcomponent which representsransientsandnoise.

Input soundmodel:

L

s(t) = Ai(t)cos[O:(t)] + e(t) (3.9)

i=1

A,(t) and©,(t) arethe instantaneouamplitudeand phaseof theith sinusoid,respectiely,
ande(t) is thenoisecomponenattime.

Therestrictionsof this modelarethe sameasfor the sinusoidaimodel:
Slowly changingamplitudeandfrequeng of the deterministigpartof the sound.

3.3.1 SMS- Analysis

In theanalysisstage which is showvn in figure 3.3, we wantto find the sinusoidswithin the
sound,resynthesizéghemandsubtractthemfrom the original signalin time domainto get
theresidual.

Deterministic analysis

Peaksarepickedfrom the magnitudespectrunwith theadditionalconstrainthatthe phases
of sinusoidalpeaksmusthave a constantphasearoundthe peak-bin,whenapplying zeio-
phasewindowingto the analysisframe. Zero-phasevindowing is necessaryo obtaina
phasespectrunifree of thelinearphasdrendinducedby the analysisnvindow. Thereforethe
signalframeto be analysechasto be centeredaroundthe origin beforeapplyingthe FFT to
it.
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window
generation |
fundamental
analysis .
) magnitude -
window spegctrum pitch N det. frequencies
R — detection 7 peak ”
sound — FFT - deFt)ection ,| continuation det. magnitudes
phase spectral
spectrum pgaks det. phases
additive
synthesis
deterministic
signal
window
generation
»{( *
residual
stoch. coeff.
spectral
fitting

stoch. mag.

FIGURE 3.3: SMS-Analysig(from: [77]).

After the peakdetectionthe fundamentabitch is extractedto adaptthe analysiswindow-
size,andthe peakcontinuatiorfindssinusoidalrajectories.Theresultis asetof parameters:
thedeterministiomagnitudesfrequencieandphases.

Stochasticanalysis

Theresiduals calculatedy resynthesizingndwindowing thedeterministiccomponenand
subtractingt from the windowed original signalin time-domain. After applyinga FFT to
theremainingsignal,it canberepresentedsthe shapeof afilter by methoddike:

¢ splineinterpolation
e themethodof leastsquares
e straightline approximations

e LinearPredictionCodingLPC

An adwantageof this systemis thatthe synthesigs completelyindependentrom the analy-
sis. Sothe STFT parametergwindow-size,window-type, FFT-sizeandframe-rate)canbe
chosemasto accomplishbestperformance.

3.3.2 Modification of the analysisdata

The result of the analysisis a set of amplitudeand frequeng functions as deterministic
representatiomnd time-varying filter envelopesas stochastiaepresentationThis amount



CHAPTER3. SIGNAL MODELS 24

of datacanbe modifiedin mary differentways. Time- or pitch-scalemodificationcanbe
performedaswell asimpressve transformationdik e “morphing” or “hybridization” [76].

3.3.3 SMS- Synthesis

Figure3.4 shavsthe SMS-Synthesischeme.

user controls

l deterministic
deterministic frequencies N
frequencies e
musical deterministic additive
transformations ) i N
deterministic : magnitudes N synthesis deterministic
magnitudes e component
Y
noise G_) R
generation %~ synthesized
sound
;fg:ﬁfgg — stochastic
musical excitation subtractive component
_ transformations synthesis
stochastic N
coefficients spectral q
T shape

user controls

FIGURE 3.4: SMS-Synthesi¢from: [77]).

Deterministic synthesis

After potentialmodificationsthedeterministiccomponentis generatedby additive synthesis
withoutthe phasanformation,which makessynthesigpossibleeitherin time domain similar
to thesinusoidakynthesisor in frequeny domainbasedntheinverseFFT[78]. ThelFFT
methodis computationallymoreefficient.

Stochasticsynthesis

The synthesisof the stochasticcomponenttan be understoodastime-varying filtering of
white noise which is generallyimplementedy thetime-domaincorvolution of white noise
with theimpulseresponsef thefilter. In practice anlFFT is appliedto acomplex spectrum
consistingof the spectrakhapeof theresidualandrandomphases.

Both componentareeitheraddedn frequeng domain,which is moreeffective saszing one
IFFT, or in time domain.
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3.4 Transient Modeling Synthesis

An interestingextensionto the SpectraModeling Synthesiss takingtransientsnto account,
which arenot appropriatelynodeledup to now.

Theneedfor anexplicit low-orderparametrianodelfor transientsthatallows awide range
of modificationsand fits well into currentsines-,and sines+noise-modelsnotivatedthe
transientmodelintroducedby Verma[79]. Here,transientsare modeledasparametersso
the systemis moreflexible.

3.4.1 Analysis

Sinusoidal | sinusoidal Sinusoidal | sinusoids /L Ist residual:
X[n] > . . >+) - -
Analysis parameters Synthesis - transients + noise

Block Sinusoidal | transient Sinusoidal || Block transients /_D
DCT Analysis parameters | Synthesis IDCT -

2nd residual:
noise

Noise noise Noise noise
Ll . Ll . ‘>
Analysis | parameters ~| Synthesis

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

As you canseein figure 3.5, at first the parametersf the prominentsinusoidsareextracted
andthesinesareremovedfrom the original, leaving thetransientsandnoisein the 1% resid-
ual. Thentransientsaredetectedparameterizedndsubtractedrom this residualresulting
in a 2™ residual,which representghe noise componentf the signal. At last, the noise
parameteraredetermined.

Sincethe sinusoids+ noisemodelhasbeendescribedabore, we wantto focuson transient
modelinghere.

3.4.2 Transient modeling

This algorithmmakesuseof the duality betweersinusoidsandtransients A slowly-varying
sinusoidin time domainis impulsive in frequeng domain. This makesit possibleto detect
it in a STFT - magnitudespectrum. Impulsive signalsin time domainare oscillatory in
frequeny domain.Sothefirst stepis to mapthetime domaintransientgo sinusoidakignals
in somefrequeny domain.Thediscretecosinetransform(DCT) providessucha mapping:
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Definition of thediscretecosinetransform(DCT):

C(k) = B(k) gx(n)cos[%] (3.10)
for

nke{0,1,...,N -1}
with

(k) =4/1/N fork=1

B(k) =+/2/N otherwise(see[80])

We cansaythat animpulseat the beginning of a frameresultsin a low-frequeng cosine,
wherasan impulseoccuringat the endof the frameyields a high-frequeng cosine. If the
frequeng of asinusoidcorrespondingo atransienis changedthe onsetof thetime domain
impulsemoveswithin theframe.

TheDCT - frequeng domainrepresentatiors well suitedfor sinusoidaimodeling,whichis
usedfor parameteextractionof thetransients.

Algorithm:
e Take non-overlappingblocksof theinput signal
e Performa DCT oneachblock

e Extracttransienfparameterspplyingsinusoidaimodelingon eachDCT-frame

3.4.3 Synthesis

Reconstructinghe DCT domainsinusoidsandusingan InverseDiscreteCosineTransform
(IDCT) synthesizeshe potentiallymodifiedtransientin time domain.

The synthesistageof TransientModelingis shavn in figure 3.6.

3.4.4 Time-scalemodification

Whentime-scalinga signal, in transientmodelingthe onsetof the actualtransientis very
important. Therefore,the time-scaleof the DCT-sinusoidhasto be modified by the same
factorasthetime domainsinesandnoise.

FurtherReferences[83], [84]
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sinusoidal Pargmetgr R Smusmdgl
parameters Modification Synthesis
transient Parameter Transient
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parameters Modification Synthesis yin]
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FIGURE 3.6: TMS-Synthesis(From:[79])



Chapter 4

Characteristics of the phasevocoder
parameters

4.1 Intr oduction

This chapterexploresthe characteristicof the phasevocoderparameterconcerningthe
ability to extractdeterministiccomponents/pealk®ut of them.

Sincewe wantto time-stretchsinusoidalsoundsaswell asnoise,importantconstraintsor
deterministiccomponentetectionareto preventpeakdetectionsn purenoiseandto have
aresidualfree of deterministiccomponentsvhenanalysinga puresinusoidalsound.These
constraintarenot easyto accomplish.

Therefore we wantto introducecriteriawith regardto the parametersesultingfrom phase
vocoderanalysis:

e Magnitudespectrum
e Phasespectrum

¢ Instantaneouequeng?

The conditionsfiguredout for eachparameteform the basisfor the MatLab’™ - implemen-
tationof adeterministiccomponentetectionpresentedn section5.2.

4.2 The magnitude spectrum

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

We candistinguishthreepositionsof a sinusoidin a magnitudespectrunregardingits fre-
queny:

1Calculatedrom the phasespectraof two consecutie frames

28
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1. A sinusoidexactly atafrequeng bin
2. A sinusoidexactly betweertwo bins

3. A sinusoidsomeavherein betweerthe upperpositions

Thefirst two caseswill beexploredin detailsincethey resultin extrememagnitudeelations
of the correspondingnain-lobe.

Figures4.1and4.2 shav the shape®f thesepeak-frequeng positionswhile the magnitude
relationsaroundthe peakarepresentedhn tables4.1and4.2.

‘
oF
“10f
—a0f
_a0}-
—aok
_sof-

601

Magnitude spectrum [dB]

70k

-80}-

90k L I I il =
4 5 6 7 8 9 10

Frequency [bins]

FIGURE 4.1: A sinusoidalpeak,exactly at a
frequeng-bin (“sharp” shape)

301

Magnitude spectrum

35

a0}

I I I I I I
5 6 7 8 9 10

Frequency [bins]

FIGURE 4.2: A sinusoidalpeak, exactly be-
tweentwo frequeng-bins (“flat” shape).

Reasonableonditionsfor “enhanced’peakdetectionwould be:
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e The magnitudevaluesof the local minima aroundthe peak(within
may not exceeda definedlevel belor the peakmagnitude.

Freqg.bin | Mag.\value[dB]
5 —00
6 —6.00
7 0.00
8 —6.00
9 —00

TABLE 4.1: Magnituderelationsfor a sinu-
soidalpeak,correspondingo Figure4.1.

Freq.bin| Mag.value[dB]
5 —32.31
6 —15.40
7 —1.42
8 —1.42
9 —15.40
10 —32.31

| X (kpmin) |= min | X (k) [z

| X (kp.umin) |=min | X (k) |

| X (kpimin) 1<| X (kp) | =My,

TABLE 4.2: Magnituderelationsfor a sinu-
soidalpeak,correspondingo Figure4.2.

-1
-0

kp+d
kp+1

locationof theactualpeakp

. magnitudespectrunof theactualframe
. locationof thelower local minimumof peakp
. locationof the upperlocal minimum of peakp
rangearoundthe peak(bins)

| X(kp,umin) ‘<‘ X(kp) | _Mth

a certainrange)

(4.1)

(4.2)

(4.3)

(4.4)

My, ... Necessaryninimumdifferencebetweerthe peakmagnitudeandthelocal
minimafor the peakto be detected.

The valuefor My, hasbeenchosento be 14 dB, which is the theoreticalmaximum
magnitudevalueof | X (k,..) | (table4.2).
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e The magnitudesf the four nearesineighborbins of a peakmustbe lower thanthe
peakmagnitude:

| ka_Z |<| ka_l |<| Xp |>| ka"'l ‘>‘ ka+2 | (45)

This can be verified by the checkingthe distanceof the local minima to the peak

location:

kp — kp imin >= 2 (4.6)
and

kp umin — kp >=2 4.7)

Theseconditionsmake it possibleto alsodetectpeakscausedoy chirp signals,sincethis
kind of signalsuseto have a broademain-lobewidth thanpuresinusoids.

4.3 The phasespectrum

Centeringthe windowed samplesaroundthe origin resultsin a constant-phasepectrum.
This is called“zero-phasevindowing”. In a constant-phasspectrumthe phasef deter
ministic peaksareequal(figure4.3),which could be usedasa criterionfor peak-detection.

Detectionconditionscannow be statedby letting ¢ be arangewithin the phasevaluesmay
vary arounda peakbin €, :

| LX (ty, ) — LX (T, U,) |<C (4.8)
for k=k,£1

During the test phaseit cameout that the phaseconditionis not consistent,since deter
ministic peakswere found in noise in which the phasevaluesshouldbe random. These
deterministigpeaksarecausedy theinconsisteng of theapproximationmethod.

4.4 The instantaneousfrequency

The instantaneoufrequenciesare derived from the phasesf two consecutre frames(see
section2.3for details).

Ap®j;

S0
w + R

(4.9

Whenslowly varying sinusoidsareanalysedwe canstatethatthe instantaneoufrequeng
valuesof thosesinusoidshave to be almostthe sameover the successie frames.Therefore,
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FIGURE 4.3:. MagnitudeandPhasespectraof a sineat dif-
ferentfrequencies.

W e InstantaneouBequencies

Q... Bin - frequencies

A,®} ... Principaldeterminatiorof the heterodyneghasencrement
R, ..... Analysishopsize

the subtractionof the instantaneou$requenciesf two consecutre framesmustresultin
valuesnearzerofor the peakbins. Figure4.4 showvs sucha subtractionfor a “sawtooth +
noise”-like signal. Theimportantregionsof the subtractiorresultaremarkedwith arrows.

As we canseeon theplot, the valuesof the peak-binsarenearzero. In this way, a detection
condition could be introduced,which forcesdelta-\aluesof instantaneou$requenciesof
peak-bingo lie within a certainthresholdevel £.

Bl — o) <€ (4.10)

for valuesof w at peak-binst 1 bin

w(t¥) ....Instantaneoufequenciestanalysisframeu
w(t*"') ... Instantaneoufequenciest analysisrameu — 1 (previousframe)

Accordingto whatwassaidaboutthe phasecriterion, short-timesinusoidshiddenin noise
unfortunatelyeffect inconsisteng of this condition by recognizingdeterministicpeaksin
purenoise.
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FIGURE 4.4: Delta of the instantaneou$requenciedor a
“sawtooth+ noise”-like signal.

In thenext chaptera systemis introducedasanapplicationof someof the findingswe have
presentedip to now.



Chapter 5

The
Analysis/Transformation/Resynthesis
System

5.1 Intr oduction
The aim of the systemdevelopedis to ensuregoodtime-expansionof sinusoidsandnoise.

Thebasicideais to determinedeterministicandstochastidins of short-timespectraandto
treatthemin differentwayswhentime-expandinga signal.

5.2 MatLab "™ -function detanalysis

The magnitudecriteria describedn section4.2 have beenimplementedn a MatLab"-
function[92]. Figure5.1shavs anoutline of theimplementation.

5.2.1 Parameters

Usage: [ detpeakl ocs, roi]=detanal ysi s(Xm

Xm........... Logarithm c magni tude spectrum
det peakl ocs. ..l ocations of the detected determ nistic peaks
roi........... nunber of bins for the region of influence

The function is fed with the logarithmic magnitudespectrumof the actualframe. Inter-
nally a thresholdlevel anda maximumnumberof peaksare setfor the basicpeakpicking
algorithm[93] (“peak-picler” - figure 5.2). In returnwe get the locationsof the detected
deterministicbinsandthe numbersof binsindicatingtheregion of influenceof eachpeak.

34
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Magnitude spectrum

A 4

Peak-picker

A 4

Find local minima

[local minima| No
<

lpeak| - M

y

Yes

No deterministic
peak

A

Return peak location
and region of influence

FIGURE 5.1: MatLab’-functiondetanalysis

Peak-pickingparameters:
NTH=40dB .... thresholdevel
maxpeaks=50. . max. numberof peaksreturnedby the peakpicler

5.2.2 Peakdetectionscheme

At the beginning of the “enhanced”peakdetectionmethod,the peak-picler finds the local
maximawithin the magnitudespectrumandpicks a certainnumberof peakslying within a
definedrangebelowv the maximumpeak.

After picking the magnitudepeaksthefollowing calculationsareappliedto every peak:

e Findthelocal minimawithin a definedrangearoundthe peak

o Verify, if themagnitude®f thelocal minimalie below acertainlevel
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FIGURE 5.2: Picking peaksin the Magnitude spectrum
within a certainpeak-pickingrange.

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

Eventually the peaklocationsandthe correspondingegionsof influencearereturned.

In the next sectionwe will introducean analysis/transformation/resynthesigstemwhich
malkesuseof this algorithm.

5.3 The Analysis/Transformation/ResynthesisSystem

Thedetanalysisfunction,presentedh the previoussectionis embeddedhto aphasesocoder
framawvork, which meanghattheanalysisandresynthesistagesarebasedntheshort-time
Fouriertransformdescribedn chapter2. Theoutline of the systemis shavn in figure5.3.

5.3.1 Analysis

As aresultof the short-timeFourier transformationseesection2.2.1),we obtainthe mag-
nitudeandphasespectrunof awindowedframeof the soundin examination.

In this implementatiorwe usedthefollowing parameters:

FFT-size.......... 2048atf,=44,100Hz
Window-size...... FFT-size

Ana'YSiShOpSize. N L window—size/4 J

time—scaling factor
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Theequationfor theanalysishopsizeresultsfrom thefact,thatfor time-scalingtheanalysis
hopsizeequalsthe synthesihopsizedivided by the time-scalingfactor while the synthesis
hopsizeis keptconstantindetsize (4x-overlap).

Note thatin this implementatiortime-scalefactorsare limited to valuesof %
Sincethe analysishopsizeis roundedoff to an integer numberof samplesthe numberof
large time-scalefactorsis very restricted.A remedyfor this problemwould be analteration
of thehopsize.

5.3.2 Calculation of areducedvariance spectrum for peak-detection

To reducethe varianceof the appoximatedspectrumof an actualframefor the peakdetec-
tion, an averagemagnitudespectrums calculatedncluding the actualframe spectrumand
weightedspectraof a frameaboutll msin advance,andthe (averaged)spectrumof the
frameaboutl1l msbeforethe actualframe.

Thereducedvariancespectrums calculatedasfollows:

u—v |2 u |2 u+tv |2
\X;;:\/“‘X” 2+4b | Xu |2 +c| Xuto | 5.0)
a+b+c
| X* | .... actualreducedvariancespectrum
| X»-v | ... reducedvariancespectrunmv framesbeforethe actualframe
| X» | .... actualanalysismagnitudespectrum
| Xutv | ... analysismagnitudespectrumy framesin advance
a,b,c...... weightingfactors
Voo, numberof framescorrespondingo aboutll ms

Settingthe weightingfactorsa=c=0,andb=1resultsin a “normal”’ variance resultingfrom
the approximationmethod,while a=b=c=1minimizesthe variance.In this implementation
we have chosenthefollowing values:a=c=0.5andb=1.

Sincefor this calculationwe needone spectrumin advanceand anotherfrom the past,a
buffer is introducedwhich carriesthe magnitudespectraof thev next framesandthereduced
variancespectraof the v previous frames. Using the reducedvariancespectraas previous
onesinsteadof theactualmagnitudespectraon the onehandfurtherreducesariance while
ontheotherhandit reduceghetime-resolution.

5.3.3 detanalysis and deterministic/stochasticseperation

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

e Deterministicmagnitudes
e Deterministicphases

e Stochastianagnitudes
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FIGURE 5.3: TheAnalysis/Transformation/Resynthesgstem.

5.3.3.1 Deterministic magnitudesand phases

The deterministicnagnitudesandphasesaresimply the magnitudeandphasevaluesat the
peak-binsresultingfrom the detanalysisfunction, plus the bins of the region of influence,

which depend®nthemain-lobeshape.
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5.3.3.2 Stochasticmagnitudes

The stochasticomagnitudesare calculatedfrom the actual magnitudespectrumby setting
the deterministicmagnitudevaluesto the lower value of the outer peak-binneighborsand
smoothingtheresultingspectrum As a smoothingmethod 4-samplemoving averagsfilter-
ing waschosen.

A plot of the deterministicand stochastianagnitudesf a “sawtooth + noise”-like sound
(AppendixB) is shavn in figure5.4.
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FIGURE 5.4: Deterministicandsmoothedtochastienagnitudespectra
(“sawtooth+ noise”-like sound)

5.3.4 Resynthesis
5.3.4.1 Resynthesigmagnitude spectrum

The resynthesisnagnitudespectrumis a combinationof two spectra:the stochastianag-
nitudesplus the magnitudef the deterministiccomponentsin this way, we maintainthe
original magnitude®f the sinusoidswhile smoothingthe stochastisignalcomponent.

5.3.4.2 Synthesisphasespectrum

As soonasthephasefiave beendeterminedscaledohase-lockings appliedto themin order
to presere verticalphasecoherenceThis algorithmcontaingwo basiccalculations:
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e Recognitionof peakanoving from onebin to another In our system-schemdhepeak
switdh detectionblock correspondso this importantfeatureof scaledphase-locking:
Theactualpeaklocationsarecomparedvith the onesof the previousframe.If apeak
switchegso a neighboringbin, thesynthesigphaseandphasancremenbf theold peak
is usedfor deriing the synthesigphaseof the actualpeak(seeequation?2.12).

e Thephaserelationsof the binsaroundthe peakin theanalysisframearepreseredin
the synthesidramewithin theregion of influence.

Thestodasticphasesaredervedby arandomphasegeneratoandmasledby thedetermin-
istic phasego obtainthe synthesigphasespectrum.
5.3.4.3 Inverseshort-time Fourier transformation

At last,the outputsignalis generatedrom the resultingmagnitudeandphasespectraby an
IFFT/overlap-addsynthesis.



Chapter 6

Strategiesfor transient detection

6.1 Intr oduction

Four algorithmsfor detectionandlocationof abrupttime/spectrathangesn a signalhave
beenimplementecandtestedin MatLab™™ . Masri[81] proposedhreemethodswhich are
basedn spectraknepy distribution, the attackenvelopeandspectradissimilarity. Another
algorithmusesthe enegy distribution in time domain. Two further methodsto detectfast
changesrementioned.

6.2 Detectionbasedon energy distrib ution

MatLab Implementationtrendist.m
This algorithmcalculateghe enegy andhigh frequeng content(HFC) of eachframe.

E=Y|X(k)|? (6.1)
HFC =) | X(k) >k (6.2)
E..... enegy functionfor the currentframe

HFC. . highfrequeng content
(weightedenengy function,linearly biasedowardthe higherfrequencies)
X(K). .. FFT-Magnitude(k...binindex)

Relatingthosevaluesresultsin ameasuref transienceMoT:

HFC, HFC,
MoT, = 6.3
“r=HFC,, E, (6.3)
subscriptr denotesurrentframesubscript-1 denoteghe previousframe
A transients detectedf
MOTT > TD,ED (64)

41
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Tp,ep ... Thresholdfor detectiorusingthe enegy distribution method

Parameters:

fftsize= 128
no overlap
threshold= 1
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FIGURE 6.1: Detectionbasedn enegy distribution appliedona
berimbacsound.

6.3 Detectionby attack envelope

MatLab Implementationtratternv.m

Block-basedalculationof thesignalernvelopemakesit possibleo detectsudderriseswithin
the signal. At first, the maximumvaluesof consecutre, non overlappingblocksare evalu-
ated:

y(n) = max™ZY" " | z(nT +m) | } (6.5)

Thepeakfollowerwill beupdatedif thenew sample-blockalueis higherthanthepreceding
onemultiplied by afactorof decay:

P(n) = maz{y(n), P(n — 1) X Kgecay} (6.6)
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X(T) ..samplesequence

y(n) ... max.valueof theblock

m .... sampleswvithin eachblock
M ....Dblocksize

Kdecay - - - decayfactor

A detectionis registeredwhenthe relation of the actualpeakfollow valueto the lastone
exceedsathresholdl, 4 (detectionthresholdfor the attackervelopemethod).
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FIGURE 6.2: Detectionbasedon the attackervelopeappliedon
aberimbacsound.

Parameters:

block length= 128
decay= 0.85
threshold= 1.6

6.4 Detectionby spectral dissimilarity

MatLab Implementationtrspecdis.m
A suddenchangein enegy and a suddenchangeof spectralcontentcan be detectedby
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comparingthe spectreof neighboringframes.

— | Xya(k) ||

e (6.8)

p, =3 L1t

D, ..... dissimilarityfunctionfor framer
X, (k) ...kth bin of FFT framer
E. ... enegy function(6.1)

Alternatively:

k) 2 = | Xroa(k) |* |
| Xra(K) |7

Conditionfor detection:
D, >Tpsp (6.10)

Tp,sp ...thresholdor detectionusingthe spectraldissimilarity method
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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

MatLab Implementationtrentimem

Similar to theenegy distribution methodwhich dealswith enepgy relationsin thefrequeng

domain,we introducea time domainalgorithmwhich relatesthe high frequeng content,
calculatedby high pasdiltering theinputsignal,to thetotal enegy of the signal. Therefore,
the signalis divided into non-overlappingblocks. Appropriatefilter coeficientsandblock
sizehave to befound.

A block of 128 Samples; is to befiltered,squarecandsummedup to getavaluefor the high
frequeng content:

hfe="7Y_ s} (6.11)

hfe ... valuefor highfrequeny enegy
s} ... filteredandsquaredlock samples

E=)¢ (6.12)
Now we relatethe high frequeng enepy to thetotalenegy E
hfe
_ e 1
T=g (6.13)

v ...HFCto Enegy measure

In orderto find positive slopeswe differentiatey andeliminatethe negative values(setto
Zero).

dry
p_ 4y 6.14
=g (6.14)

with
v =0 Vv <0

All valuesfor +' beyonda certainthresholdareregisteredastransients:

v > Tp errp (6.15)

Tp errp - .. Thresholdfor detectionusingthe spectradissimilarity method
Parameters:

Blocksize= 128
No overlap
Tp.ErrD = 0.1
Filter coeficients:

A =[1-1.10980.3678]
B =[0.9026-1.17530.3981]
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FIGURE 6.4: Magnituderesponsef the HP-filter.
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FIGURE 6.5: Thetime domainenegy relationsmethodapplied
ontheBerimbaosound.

6.6 Other methods

6.6.1 Constant-Qanalysis

BasednaConstant-CAnalysis[96], thebonK-objectwasdevelopedor PDandMAX/MSP
by Miller Pucletteetal.[99]. It is ableto detectsharprelative changesn thespectrunwith-
out any accompaning large changein the overall power. The spectrumis dividedinto 11
constant-(filters, of which the outputsrepresenspectralenegies. A growth functiong re-
latesthe changeof power of consecutre framesfor eachchannel. The sumof the growth
estimate®f all channelss comparedvith athreshold.If thetotal grownth exceedshethresh-
old, anattackis reported.Bonk offersthe possibilityto comparea new attackwith a setof
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pre-recordedattacksin orderto guesswhich of the possibleinstrumentswas responsible
for it. After a certainlearningphase(storingtemplates)onk canidentify somesortsof
instruments

6.6.2 Detectionof fast changes

This approacH100] obsenresbankfilter enegies,Mel cepstrumcoeficientsandits deltas.
Thesevaluesarecombinedfollowing severalrules. Themainideais to find pointsof maxi-
mumincreasingslope.

Input N : N Bank Mel
sound Window FFT filter cepstrum

Delta

‘?,Ia”k Delta Mel
iiter cepstrum

A A A l

’ Fast changes detection ‘

bl

No  Hi-Freq Bass Kick

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

6.7 Choosinga transient detectionmethod

The spectraldissimilarity methodhasbeenfound to be an appropriatevay to detecttran-
sientswith ratherlow computationtime. This methodmalkesit possibleto register fast
spectrakchangesvhich do not go alongwith fastchangesn time domain.

6.8 Embeddingtransient detectioninto afrequencydomain
Analysis/Resynthesisystem

Figure 6.7 shavs how transientdetectioncanbe includedin the system.Beforeprocessing
ananalysisframe,a certaintime spanat the endof theframeis scannedor transientsising
the spectraldissimilarity methoddescribedabove. If atransientoccurstheanalysishopsize
is setequalto the synthesishopsizeandthe following four successie framesare directly
takenoverfor resynthesistaking careof appropriatecomputatiorof the outputphase.
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FIGURE 6.7: Transientdetectionintegration.



Chapter 7

Results

7.1 Implementation

Thefollowing implementationshave beentestedon varioussoundswhich aredocumented
in AppendixB:

e Standard phasevocoder The implementationof the standardphasevocoderwas
adaptedrom [38]. Thephasesocoderanalysis-functioralculateshemagnitudesnd
phase®f the signalframesof the entiresignalandstoresthe datawithin two vectors.
This kind of implementatiorrequiresa lot of memoryspacefor time-expansionof
long samples.On this accountthe analysis/synthesiinctionshave beencombined
andeditedfor frame-by-framecomputation.

e Phase-locled vocoder using “scaled phase-locking”. Basedon the improvements
presentedy Larocheand Dolson (seesection2.4), the standardohasevocoderpro-
gramhasbeenupgradedy the scaledphase-lockingalgorithm. In this implementa-
tion, theregion of influencehasbeensetto the channelof lowestmagnitudebetween
two peaks.

e The deterministic/stochasticphasevocodersystem.Theextensiondeaturedoy this
systemaredescribedn section5.3.

e The d/s-systemincluding transient detection. The transientdetectionadd-onwas
appliedonly to somespecialsamplegAppendixB.2).

7.2 General statements

For very large modificationfactors,the phasineshiasbeenfurther reducedoy determinis-
tic/stochasticseparationn comparisorto scaledphase-lockingSmoothingstochastianag-
nitudesandrandomizingstochastiphaseseemso “relax thetension’resultingfrom phase-
locking theentirespectrum.

IseeappendixA for informationon the MatLab! ™ -scripts
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Especiallyin harmonicsounds,higher partialsare not detectedwhich resultsin a more
dull timbre. A mainreasorfor failing detectionarethefixedconditionswithin theenhanced
peak-detectiofdetanalysis Low magnituddobe-shapesequirealower peak-pickinghresh-
old NTH, andthusmoreaccurateconditionsto getrecognized Detectionmissesesultin a
degradationof the quality of the percevedsound.

Observingthe computationtime of the differentimplementationsit is clearthatthe algo-
rithms which include peak-detectiortake muchlonger calculationtimesthanthe standard
phasevocoder

7.3 Timbre-dependentalterations

e Harmonic sounds.As we alreadymentionedabove, thetimbre of this kind of sounds
changes.For large scalingfactors,slowly varying frequenciesesultin beatswhen
modified by the standardphasevocoder This artefact can be preventedby phase-
locking in themostcases.

e Noise.As theanalysisof white noiseshaws, spectraimpulsescauseshort-term‘par-
tials” dueto the inconsisteng of the approximationmethod. The reducedvariance
mechanisnhelpssuppressinguchspuriouspeaksn the peak-pickingstage.

e Transients. Thewell-known “transientsmearing’comesup for thesamereasorasthe
spuriouspeaksresultingfrom noise. Very steepattacksget wealened. Somesound
examplesillustratethe transientdetectionextension As you canhearin the samples,
thenaturaltime evolution of the soundtoddlesdueto thevariationof theframeratein
theanalysisduringthetransientperiod. Thenceit is destryed. A furtherdravbackof
this methodis thatthe decayervelopeof thetransientcannotbe modeled.



Chapter 8

Summary & Outlook

8.1 Summary

In thisthesis,anenhanceghhasevocodersystemfor time-scalenodificationwaspresented,
which is basedon the separatiorof the deterministicandstochasticcomponent®f a sound

signal. As the heartof the system,a MatLab” -function identifiessinusoidsby screening
reducedvariancemagnitudespectraso deterministicandstochastianagnitudesandphases
can be distinguished. While the phasesf the deterministicmain-lobesare locked to the

peak-binphasethe stochastiphasesresetto randomnumbers.In addition,the stochastic
magnitudesare slightly smoothedn orderto obtain betterresultswhen modifying noisy

soundsAll thesefeatureshave beenimplementedn a MatLab’ ™ -script.

8.2 Outlook

As anoutlook,someimprovementsareproposedyhich could be the basisfor furtherwork
on this matter:

e Improving the detectionalgorithmto avoid missingpartials.

e Thus,extendingthe detectionfunction by distinguishingpeaksof high andlow mag-
nitudes(relatedto the neighboringmagnitudes)nd verifying them using different
parametesets.

e Optimizingthescriptin termsof computationaéfficeng/ andimplementinghesystem
in a C/C++programmingervironment.

¢ Includingakind of peakcontinuationsystem.For a peakwhich obviously belongsto
apartialtrack,the detectionconstraintouldberelaxed.

e Therelative phasedelayrepresentationf quasi-harmonisignals(section3.2.3)could
ensurephaseconsistenyg for eithernew partials,or partials,of which the phasecon-
sisteny gotlostfor whateverreason.
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o Within the transientregion, othertime-stretchingactorsshouldbe usedto warranta
minimum of amplitudedecaypreseration. We proposeto scalethe transientframes
following ane~*-curve.

e Therangeof time-scalingfactorscouldbe extendedby alternatingthe hopsize.



Appendix A

Software

For eachof theimplementationsa ‘stand-alone’-scripanda functionhasbeencreated.The
functionsallow easyuseof thealgorithmsby justsettingtheinput parameterasdocumented
below. Anotheradvantageof thefunctionsis thata seriesof soundexamplescancomfortably
be generatedby a scriptcontainingfunctioncallswith differentinput parameters.

A.1 Standard phasevocoder

Script: pvocl std. m
Function: pvocl std function(infile,outfile,factor)

| nput paraneters:

infile....input filenane
outfile...output filenane
factor....tinme-scaling factor

A.2 Phase-loclkedvocoder

Script: pvoc2_ | ock. m
Function: pvoc2 |lock function(infile,outfile,factor)

| nput paraneters:

infile....input filenane
outfile...output filenane
factor....tinme-scaling factor

A.3 d/sphasevocoder

Script: pvoc3 _ds. m
Function: pvoc3 ds function(infile,outfile,factor)
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| nput paraneters:

infile....input filename
outfile...output filenane
factor....tine-scaling factor

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

Script: pvoc4 td. m
Function: pvoc4_td function(infile,outfile,factor)

| nput paraneters:

infile....input filenane
outfile...output filenane
factor....tinme-scaling factor

A.4 detanalysis

As describedn section5.2,thisfunctionreturnsthe deterministigpeaklocationsandregions
of influencefor a givenmagnitudespectrum.

Function: [ detpeakl oc, roi]=detanal ysi s( Xm

| nput paraneters:
Xm.......... Magni t ude spectrum (logarithm c)

Qut put paraneters:
det peakl oc. ..l ocations of the detected peaks
roi . ......... region of influence for each peak [I, u]
|...distance to the lower limt
u...distance to the upper limt



Appendix B

Soundexamples

B.1 Analysissounds

Thealgorithmshave beentestedon thefollowing soundsamples:

Fromthe ICMC2000Analysis/Synthesisomparisorsession:
(http://cnmat. cnmat . ber kel ey. edu/ SDI F/ | CMC2000/ sounds. ht m )

e Harmonicmonophonig@hraseClarinetphrasé'deplus”. “Harris _trim” (Jamedfeauchamp)

e Harmonicmonophonighraseon a polyphonicinstrument:Acousticguitar playing a
monophonidine. “Br okendownengine(Adrian Freed)

¢ Noisyreattackdstring: Berimbao.“Berimbao” (Xavier Rodet)
e Singinginto andplayinga flute atthe sametime. “Flute _voice” (Adrian Freed)

e SpeechShafqatAli Khansaying“research”.“Reseach” (Matt Wright)
FromJeanLaroche(privatecommunication):

e Fragmenfrom aMozartpianopiece.“Mozart”

e Fragmenfrom SusarvVega’s “Tom’s Diner”. “Vega”
Others:

e AverageWhite Band:“Pick up the pieces’(fragment).“Pick”

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

For eachof the soundexamples 15 time-scaledrersionshave beengeneratedfive usingthe
standardphasevocoder five usingthe phase-lockd vocoderandfive usingthe determinis-
tic/stochastidime-scalingsystem.

Thesoundshave beentime-expandedy thefollowing factors:
1.1,1.5,2,4.1,and10.2

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

e Originalsound
e Soundsynthesizedisingthe standargphasevocoderalgorithm
e Soundsynthesizedisingthe scaledphase-lockdvocoderalgorithm

e Soundsynthesizedisingthe det./stochphasevocoderalgorithm

For the demonstratiorof an extremly large time-scalefactor the “Vega” samplehasbeen
time-expandedby the factorof 256 (whichis the maximumlimit?).

Additionally, thetransientdetectiorwasappliedto “Mozart” and“Pick”.

All soundexamplesare compiledon the accompayping CompactDisc. TableB.1 presents
the contentof the CD.

1Thisfactorcorresponds$o ananalysishopsizeof 1.
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Track | Soundexample Factor
01 | “Harristrim” 1.1
02 | “Harristrim” 15
03 | “Harris trim” 2.0
04 | “Harris trim” 4.1
05 | “Harris trim” 10.2
06 | “Brokendavnengine” 1.1
07 | “Brokendavnengine” 1.5
08 | “Brokendavnengine” 2.0
09 | “Brokendavnengine” 4.1
10 | “Brokendavnengine” 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” (standardgvoc) 256
38 | “Wega” (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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