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Abstract

In this project,Spectral Envelopesin SoundAnalysisandSynthesis, variousmethodsfor estimation,repre-
sentation,file storage,manipulation,andapplicationof spectralenvelopesto soundsynthesiswereevaluated,
improved,andimplemented.A prototypingandtestingenvironmentwasdeveloped,andafunctionlibrary to
handlespectralenvelopeswasdesignedandimplemented.

For the estimation of spectralenvelopes,afterdefiningthe requirements,the methodsLPC, cepstrum, and
discretecepstrumwereexamined,andalsoimprovementsof thediscretecepstrummethod(regularization,
stochastic(or probabilistic)smoothing, logarithmicfrequencyscaling, andaddingcontrol points). An evalu-
ationwith a largecorpusof sounddatashowedthefeasibility of discretecepstrumspectralenvelopeestima-
tion.

After definingtherequirementsfor therepresentationof spectralenvelopes,filter coefficients, spectral rep-
resentation, break-pointfunctions, splines, formant representation, and high resolutionmatching pursuit
wereexamined.A combinedspectralrepresentationwith indicationof theregionsof formants(calledfuzzy
formants) wasdefinedto allow for integrationof spectralenvelopeswith preciseformantdescriptions.For
file storage, new datatypesweredefinedfor theSDIFSoundDescriptionInterchangeFormatstandard.

Methodsfor manipulation wereexamined,especiallyinterpolation betweenspectralenvelopes,andbe-
tweenspectralenvelopesandformants,andothermanipulations,basedon primitive operationson spectral
envelopes.For soundsynthesis, applicationof spectralenvelopesto additivesynthesis, andtime-domainor
frequency-domainfiltering havebeenexamined.

For prototypingandtestingof thealgorithms,a spectralenvelopeviewing program wasdeveloped.Finally,
thespectral envelopelibrary , offeringcompletefunctionalityof spectralenvelopehandling,wasdeveloped
accordingto theprinciplesof softwareengineering.
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Chapter 1

Intr oduction

For many soundsynthesisandprocessingapplications,thespectralenvelopeplaysacrucialrole. For musical
applications,the spectralenvelopelargely determinesthe timbre, or “colour” of a sound. For the voice,
importantcharacteristicssuchasthe type of a vowel or part of the vocal quality of a voice dependon the
spectralenvelope. In general,the spectralenvelopeis a smoothedversionof the frequency spectrumof a
sound,andis oftenindependentof thepitch.

1.1 Moti vation

In thecontext of computermusic,it is importantto have precisecontrolof thespectralenvelopeof a sound
e.g.for composersto realizetheir ideasor for thesynthesisof thesingingvoiceto localizeformantsprecisely
andthusto obtaingoodvoicequality.

In thecontext of additiveanalysisandsynthesis,whereasoundis decomposedinto sinusoids,renderingeach
minutedetailof thesoundaccessibleto manipulation,spectralenvelopescanleada way out of thedilemma
of how to controltheparametersof thehundredsof sinusoidsover time in asensibleway.

1.2 Outline of the Project

Theobjective of theprojectis to developmethodsof spectralenvelopeestimation,manipulation,andappli-
cationfor soundsynthesis,andto definea flexible andefficient representationof thedata,both for internal
andfor permanentstorage.Themethodsfoundareto beimplementedin a portablefunctionlibrary.

The project takesplaceat the IRCAM (Institut de la Recherche et Coordination Acoustique/Musique) in
Paris,France,a nationalinstituteof researchin musicandacoustics,musicalcreationandproduction,and
education,puttingits mainemphasison theuseof computersin contemporarymusic.

1.3 Outline of this Documentation

Thedocumentationof thespectralenvelopeprojectcanberoughlydividedinto four parts.

Thefirst part, fundamentals,consistsof chapters1 and2, andcoversthis introductionandtheprerequisites
of the project. In chapter2, the basicsof digital signalprocessingwill be briefly visited, followed by an
introductionto additive soundsynthesis,the conceptof spectralenvelopesand the source–filtermodelof
speechproduction. Finally, a quick tour of the otherprogramsandsystemsof IRCAM relatedto spectral
envelopeswill settheframework for their application.

In thesecondpart,themethodsusedanddevelopedin thisprojectwill bedescribedformally. After adescrip-
tion of theestimationof spectralenvelopesin chapter3, theinternalrepresentationis presentedin chapter4,

7
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manipulationof spectralenvelopesis coveredin chapter5, andtheapplicationof spectralenvelopesto sound
synthesiscanbefoundin chapter6.

Thethird part,implementation,describesthetranslationof theresultsof thepreviouschaptersinto aworking
softwaresystem.Chapter7 first presentssomegeneralconsiderationsfor theimplementation,suchasabrief
introductionto softwareengineering,the architecturalnotationused.Then,the architectureof the spectral
envelopelibrary is presented,followed by a definition of the file format used. AppendixA describesthe
usageandthestructureof theprogramVIEWENV to experimentwith spectralenvelopealgorithms.

Finally, anoverview of existing andpossibleapplicationsof spectralenvelopesis given in chapter8, anda
summaryof theprojectanda conclusionfrom ascientificandanartisticviewpoint is givenin chapter9.
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Chapter 2

BasicConcepts

Thischapterwill describesomebasicconceptsnecessaryto understandthespectralenvelopesproject.After
ashortintroductionto someconceptsin digital signalprocessingwhichpermeatethewholeprojectin section
2.1,thebasicideasof additivesoundanalysisandsynthesisareexplainedin section2.2,followedby acloser
examinationof the conceptof spectralenvelopes. Finally, to embedthe project in the ongoingwork at
IRCAM, theprogramsusedhere,andtheprogramsandsystemswherespectralenvelopemanipulationwill
beusedwill bevisitedbriefly in section2.5.

2.1 Digital SignalProcessing

This sectionwill give a brief introductionto, anda formal definitionof, thebasicconceptsandmethodsof
the theoryof digital signalprocessingusedin this project. They form the basisfor the methodspresented
in the subsequentchapters.Necessarily, this introductionwill be very brief and restricted. In particular,
I will considerthe theoryof digital signalprocessingapartfrom the moregeneraltheoryof analogsignal
processing,andwill passover the variousproblemsandmathematicalprerequisitesonehasto take careof
(stability, convergence).See[RH91] for a broadintroduction,[Rob98] for anonlinetutorial,and[OS75] for
a moreprofoundpresentation.

2.1.1 Sampling

Theaudiodatawewish to treatwill generallybepresentin theform of electricoscillations.Thesecaneither
comefrom amicrophonerecordingacousticsoundwaves,from atape,or anelectronicinstrumentor device.
To converttheseoscillationsto aform thatcanbetreatedby acomputerthey haveto bedigitised,i.e. reduced
from ananalogform (time-andvalue-continuous)to digital (time-andvalue-discrete).Thisprocessis called
A/D conversionor sampling. It consistsof two steps:

1. First,theanalogsignal is convertedto atime-discreteform by samplingits value(in themore
specificsenseof theword) in periodicalintervalsof duration , thesamplingperiod, (seefigure2.1).
Thesampling rate is thendefinedas:

(2.1)

Theindex of thesampledsignal is relatedto time by suchthat

(2.2)

2. Then,the value-continuoussamplesareroundedto yield a value-discretebinary number, commonly
calledasample. For mostcommercialaudioapplications,a16bit integerformatis used,for research,
however, a normalized32 bit floatingpoint format with valuesrangingfrom -1.0 to 1.0 is preferred.
Thisstep2 is calledquantization (seefigure2.2).

9
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ts

Time t

Amplitude

Figure2.1: Conversionof ananalogto a time-discretesignal(sampling)

s

Amplitude

Time t

t

Figure2.2: Conversionof a time-discreteto a digital signal(quantization)

Theresultof A/D conversionis shown in figure2.3. It is a curve with discretestepsat every sample.Note,
however, that for mostof the theoryof digital signalprocessing,asfor the restof this chapter, thesamples
aregenerallyconsideredto bevalue-continuous.

Therearevarioussourcesof errorsin theprocessof A/D conversion,includingjitter, quantizationnoise,and
aliasing:

Jitter
Deviationsof theperiodicityof thesamplingof theanalogsignal(step1 above)arecalledjitter. Jitter
is a technicalproblemthatis solvedwith currenttechnology.

Quantization noise
Becauseof the roundingerrorsin the processof quantization(step2 above), quantizationnoiseis
introducedinto thesampledsignal. Theroundingerrorsaredependentof thenumberof quantization
intervals,i.e. thenumberof values onesamplecanexpress.Becausea sampleis storedasa binary
number, hastheform , with beingthenumberof bits (theword length)of thebinarynumber.
As a roughestimate,theratio betweenthesignalandthequantizationnoiseincreasesby 6 dB perbit
added(seesection2.1.2for a definitionof theunit dB).
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s
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Time t

t

Figure2.3: Resultof A/D conversion

Aliasing
Accordingto thesamplingtheoremof Nyquist, thesamplingfrequency mustbeat leasttwice the
highestfrequency occurringin the signal.1 If not, the partsof the signalabove areintroduced
aslow frequency aliasingnoisein thesampledsignal. To avoid this, ananti-aliasingfilter is inserted
beforetheA/D converterto suppressfrequenciesabovehalf of thesamplingfrequency.

Convertingadigital signalbackto ananalogsignalis calledD/A conversion. Roughly, it consistsof reading
thesamplesandgeneratinganelectricoscillationaccordingly. As this will look like thestep-curve in figure
2.3,it hasto besmoothedby alow-passfilter (afilter thatletsonly thefrequenciesbelow hiscutoff-frequency
pass)to yield asignalsuitableto beingamplifiedandplayedvia loudspeakers,or recordedon analogtape.

2.1.2 Power and Energy

The notion of energy andpower for digital signalsis only slightly relatedto the physicalunits pertaining
to analogelectricalsignals.They are,nevertheless,relatedto theperceivedloudness,albeit in a non-trivial
way.2

Thepower of a signal is definedby

(2.3)

Thenits energy is

(2.4)

Takenassuch,thisvaluedoesn’t tell usmuch.It is useful,however, to comparetwo signals.For thisend,the
unit decibel(dB) is introduced:Theratio in dB of two signalswith energies and is

(2.5)

1To beprecise,it is enoughthatthewidth of thefrequency bandthesignaluses(thebandwidth)belessthantheNyquist frequency.
This is exploited in digital telephony, wherethe transmittedsignalis restrictedto betweenc.a. 300Hz and4300Hz, thusa sampling
rateof 8000Hz is sufficient.

2To discover the relationshipbetweenphysicallymeasurablefeaturesof soundandthe humanperceptionof soundis the aim of
psychoacoustics,see[Zwi82].
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Often,however, an implicit referenceenergy of is used. A ratio of 10 dB correspondsroughly to
doublingtheloudness.Theunit decibelis well suitedto practicaluse,sincethedynamicrangeof thehuman
earis quite large, still, the valuesin decibelstay in a manageablerange. For example,if the thresholdof
hearingis definedasa referencepoint of 0 dB, thedynamicrangereachesup to 120dB, thepainthreshold.
Thiscorrespondsto doublingtheloudness12 times.

2.1.3 Fourier Transform

After A/D conversion,thesignal is representedin thetimedomainasasequenceof numbers.According
to Fourier’s ingeniousidea,any function, even nonperiodicones,canbe expressedasa sumof (periodic)
sinusoids(which cannot befurtherdecomposed,i.e. they are“pure”3). In thecomplex domain,a sinusoid
canbeexpressedby

(2.6)

with theangular fr equency givenby

(2.7)

for somediscretefrequency and frequency bands,or, relatedto frequenciesin Hertz(Hz), as

(2.8)

So,to revealthefrequency structureof , it canbeconvertedto a frequency domainrepresentation by the
discreteFourier transform (DFT):

(2.9)

is calledthe fr equencyspectrum of the digital signal of length . To go the otherway, we usethe
inversediscreteFourier transform:

(2.10)

Theresultof theFouriertransformin (2.9) is complex numbers which definethemagnitude spec-
trum andphasespectrum for a discretefrequency :

(2.11)

re
im

(2.12)

Themagnitudespectrumgivestheintensityof a sinusoidat frequency , while thephasespectrumgivesits
shift in time. Often,thephasespectrumis ignored(it is not importantfor speechrecognition),andtheterm
Fourierspectrumor spectrumis usedfor themagnitudespectrum.

Thereexistsageneralizationof thediscreteFouriertransform4, calledtheZ–transform, whichoftensimpli-
fiestherepresentationsin thefrequency domain.TheZ–transform of a discretesequence , where

is acomplex variable,is definedas:

(2.13)

3In mathematicalterms,this “purity” meansthe sinusoidsof different frequenciesform anorthogonalbasisof a vectorspace,the
Fourierspace.Thetime-domainis in factanothervectorspace,with thediracfunctions for andtheFouriertransform
is simplyachangeof basis

4Justas,for thecontinuouscase,theLaplacetransformis thegeneralizationof thecontinuousFouriertransform.
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If is substitutedby , the relationshipto the Fourier transformis obvious. See[OS75] for a rigorous
presentationof theZ–transform,or [Mel97] for anon-linetutorial.

Thecomputationalcomplexity of theDFT, whencomputeddirectly, is . By takingadvantageof the
periodicity of the analysingsinusoid andapplying the divide and conquer principle of splitting
the probleminto successively smallersubproblems,a variety of more efficient algorithmsof complexity

havebeendevelopedwhichcameto beknowncollectivelyasthefast Fourier transform (FFT).
They generallyrequirethat beapowerof two. As thediscreteFouriertransformandits inversediffer only
in thesignof theexponentandascalingfactor, thesameprinciplesleadto theinversefastFourier transform
(IFFT).

2.1.4 Convolution, Filtering and Linear Systems

The fundamentaloperationof digital signalprocessingis the convolution of two signals and to
yield , definedby

(2.14)

y(n)h(n)x(n)

Figure2.4: Convolutionof a discretesignal with asignal .

This is what is behindthenotionof filtering : Theoutputsignal is filteredby . It is usuallyexpressed
graphicallyasshown in figure2.4. Thisoperationis commutativeandassociative:

(2.15)

(2.16)

Systemswhich performlinearoperationssuchasconvolution,addition,andmultiplicationby a constantare
partof theclassof linear time-invariant systems(LTI systems).5 They arenotatedasin figure2.5.

T [ ]x(n) y(n)

Figure2.5: A lineartime-invariantsystemperformingoperationT.

Thepropertiesof linearity andtime-invariancearedefinedas:

(2.17)

for all (2.18)

As aconsequence,anLTI systemis completelydefinedby its impulseresponse , which is theoutputof
thesystemto a singleunit impulse with

for
for

(2.19)

An importantpropertyis that a convolution of two signalsin the time-domaincanbe expressedby a mul-
tiplication of their spectrain the frequency-domain. If and are the Z–transformsof and ,
then

(2.20)

This is expressedin figure2.6. TheFouriertransform of theimpulseresponse of a filter is called
thetransfer function of thefilter.

Theaboveprovidesthelink betweentheintuitivenotionof filtering asaselectiveattenuationor amplification
of certainfrequenciesin a signalto themathematicaloperationsof convolutionandFouriertransformation.

5Somescolarsprefer the namelinear shift-invariant systemsfor discretesignals,sincethereis no inherentnotion of time in a
sequenceof numbers.
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H(z) Y(z)X(z)

Figure2.6: Filtering in thefrequency-domain.

2.1.5 Windowing

Sofar, we have consideredthesignalasa whole,evenif it wasof infinite length.For practicalapplications,
andin ordernot to loseall timeinformationin thetransitionto frequency domain,smallsectionsof thesignal
of about10–40msaretreatedoneat a time. Thesesmallsectionsarecalledwindows or frames. To avoid
introducingartefactsinto thefrequency-domain,causedby discontinuitiesat thebordersof thewindow, the
signalis first multiplied by a window function , which providesfor a smoothfade-inandfade-outof
thewindow.

(2.21)

Thewindowedsignal is thenconvertedby theFouriertransformation.Thewindowsareusuallyplaced
sothatthey overlap(seefigure2.7).

0.00

0.25

0.50

0.75

1.00

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00

Figure2.7: OverlappingHammingwindows

In the following, the formulasandgraphsof someof the mostwidely usedwindow functionsareshown,
togetherwith themagnitudespectraof a signalconsistingof two sinusoidsat differentfrequenciesandam-
plitudes,multiplied by thecorrespondingwindow function. Thesespectrashow thedistortionor smearthat
is introducedby thewindow function. Ideally, therewould beonly two sharppeaks.
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Rectangle (figure2.8)

for
otherwise

(2.22)

Bartlett or triangularwindow (figure2.9)

for
for

(2.23)

Hamming (figure2.10)

(2.24)

Hanning (figure2.11)

(2.25)

Blackman (figure2.12)

(2.26)

Gauss (figure2.13)

with (2.27)

2.2 Additi ve Analysis and Synthesisof Sound

On closerscrutiny of the Fourier spectrumof the soundof a musical instumentor the voice, a specific
structurecanbe observed: Besidesa peakat the fundamental fr equency (the frequency heardas the
pitch of thesound),therearepeaksat 2 times,3 times,4 times,andsoon,of thefundamentalfrequency, as
canbeseenin figure2.14.

Thesepeaksare in fact the frequency-domainrepresentationof sinusoidsat integer multiplesof the fun-
damentalfrequency, calledharmonics, or harmonic partials. Taking advantageof this, it is possibleto
representa soundby a list of theamplitudesandphasesof theharmonicpartialsandtheresidualnoise.The
latter is thepartof thespectrumwhich cannot beexpressedby sinusoidsat integermultiplesof the funda-
mentalfrequency. The residualnoiseis usuallyvery low, asin figure2.14,but it canalsobe muchlouder
andcontributeessentiallyto the characteristicsof a timbre,e.g. in the breathnoisein the attackof a wind
instrument,asin figure2.15,or the thumpof thehammerof a piano. In general,thesharptransientsin the
attackphaseof aninstrumentalsoundarebestmodeledby noise.

Not all sounds,however, can be expressedby harmonicpartials. Take for examplethe spectrumof the
soundof a bell in figure2.16. Thepartialsarespacedat fractionalmultiplesof thefundamentalfrequency.
Nevertheless,thesesoundscanberepresentedby thesinusoidalpartialsandnoisemodel,whenthefrequency
of eachpartial is recorded,alongwith its amplitudeandphase.

Mostof theclassicalinstrumentsandthevoicehaveapurelyharmonicspectrum.Somesounds,like thebell
or metalplateshaveinharmonicspectra,whicharemostlydiscribedas“metallic”. Percussionsounds,finally,
haveonly a feeblepartialstructure,andconsistmainlyof noise.

Of course,the characterof the soundof an instrumentis not determinedby onespectrumonly, but by its
evolution in time. Especially, thechangesof theproportionsof theamplitudesof thepartials,andlittle fluc-
tuationsof thepartialsover time allow usto recogniseaninstrument.Moreover, especiallytheattackphase
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Figure2.8: TheRectanglewindow functionandits effect
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Figure2.9: TheBartlettwindow functionandits effect
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Figure2.10: TheHammingwindow functionandits effect
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Figure2.11: TheHanningwindow functionandits effect
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Figure2.12: TheBlackmanwindow functionandits effect

0

0.2

0.4

0.6

0.8

1
Gauss Window Function

A
m

pl
itu

de

Time
-20

-15

-10

-5

0
Magnitude Spectrum

dB

Frequency

Figure2.13: TheGausswindow functionandits effect
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Figure 2.14: Spectrumof a clarinetplayedat 440Hz. Thegrid linesspacedat 440Hz intervalsshow that
thesoundis madeuponly of harmonicpartials.
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Figure 2.15: Magnitudespectrumof a shakuhachiflute. This spectrumclearly revealsa harmonicpartial
structure,but theresidualnoiseis muchlouderthanin figure2.14,in relationto thepartials.
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Figure2.16: Spectrumof abell sound(aninharmonicspectrum)
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(the first few milliseconds)of a soundcontainsessentialinformationfor the recognitionof the instrument.
For moreabouttheacousticcorrelatesof thecharacterof musicalinstrumentssee[vH54].

If we now turn to additive synthesis, we caneasilygeneralizeover harmonicor inharmonicsounds.All
soundsarerepresentedby a successionof time-framesconsistingof a sinusoidalcomponentwith partials
at frequencies with amplitudes andphases , , anda residualnoisecomponent asa
time-domaindiscretesignal.Synthesisfor a frameat time is doneby evaluating

(2.28)

for all samples of this frame.

For example,the additive analysisof the soundof the japaneseshakuhachiflute of figure 2.15 yields the
harmonicpartial peaksshown as crossesin figure 2.17. The additive re-synthesisaccordingto equation
(2.28)hasthe spectrumshown in figure2.18. No non-sinusoidalcomponentsarepresentin this spectrum.
The irregular bottom line is due to the unavoidablespectralsmearof the FFT-window for displayingthe
spectrum,asdemonstratedin section2.1.5. Now, if we subtractthe resynthesizedsignalfrom the original
signal in time-domain(!),all that is left is the residualpart , consistingof non-sinusoidalnoise, the
spectrumof which is shown in figure 2.19. This signal containsthe typical breathnoiseof shakuhachi
playing. With otherinstruments,the residualsignalrevealsto us the clicking of the keys of a clarinet,the
scratchingof thebow of violin, thesoundof thehammerof a pianohitting thestring,without any traceof
thevibrationthatit triggered.

It is now easyto manipulatetheharmonicpart,giventhateverysinglecomponentof thesoundis accessible.
The two simplestbut mosteffective manipulationsbeingtransposingthe soundandchangingits duration,
both independentfrom eachother.6 Variousothermanipulationsarepossible,suchasselectively detuning
theharmonicsor amorphingof thepartialstructurewith thatof anothersound.

Manipulatingthe residualpart is not thatobvious,but canbereasonablyaccomplishedby consideringit to
bea randomnoisesignalandcontrollingits spectralenvelope(by filtering) over time.

For anin-depthdiscussionof additiveanalysisandsynthesis,theideaof whichwasfirst publishedin [RM69],
see[Rod97a].

2.3 SpectralEnvelopes

In thissection,I will givea moredetaileddescriptionof whatspectralenvelopesare.A spectral envelopeis
acurvein thefrequency–amplitudeplane,derivedfrom aFouriermagnitudespectrum.It describesonepoint
in time (onewindow, to beprecise).Thefollowing propertiesaredesirablefor spectralenvelopes:

Envelopefit
Thecurvedescribesanenvelopeof thespectrum,i.e. it wrapstightly aroundthemagnitudespectrum,
linking thepeaks.

Regularity
A certainsmoothnessor regularity of the curve is required. This means,the spectralenvelopemust
not oscillatetoo much,but it shouldgive a generalideaof thedistribution of thesignal’s energy over
frequency.7

Steadyness
We wantthecurve to besteady(in themathematicalsenseof a steadyfunction),i.e. it hasno corners
(wherethefirst derivative jumps).7

From the examplesof spectralenvelopesin figures2.20 to 2.22we seethat the characteristicsof musical
instrumentsleadto distinctivespectralenvelopes.Thespectralenvelopealsoreflectstheclassof avowel (the
phoneme) in speech,ascanbeseenin figures2.23to 2.25.

6Whenthesoundis representedasa sequenceof samplesin time-domain,changingthedurationwill alter thepitch andvice versa,
e.g. a transpositionof an octave (twice the original frequency) will speedthe soundup by a factorof two. With nowadaysfastDSP
chips,this canbecompensatedfor, but thesoundquality suffersproportionallyto theamountof transpositionor tempochange.

7I have deliberatelyavoidedthetermsmoothnesshere,sinceit couldbeunderstoodbothasregularity andsteadyness.However, in
thelaterchapters,thetermsmoothnesswill beusedmeaningregularity, sincesteadynessis guaranteedwith themethodschosen.



20 CHAPTER2. BASIC CONCEPTS

0 2000 4000 6000 8000 10000 12000 14000 16000 18000
-120

-110

-100

-90

-80

-70

-60

-50

-40

-30

-20

-10

Frequency [Hz]

A
m

pl
itu

de
 [d

B
]

Log magnitude spectrum
Partial peaks

Figure2.17: Spectrumof a shakuhachiflute andpartialsfoundby additiveanalysis

0 2000 4000 6000 8000 10000 12000 14000 16000 18000
-120

-110

-100

-90

-80

-70

-60

-50

-40

-30

-20

-10

Frequency [Hz]

A
m

pl
itu

de
 [d

B
]

Figure2.18: Spectrumof theresynthesizedsinusoidalpartof a shakuhachiflute
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Figure2.19: Spectrumof thenon-sinusoidalresidualnoiseof ashakuhachiflute
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Figure2.20: Spectrumandspectralenvelopeof theclarinetsoundof figure2.14
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Figure2.21: Spectrumandspectralenvelopeof apiano
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Figure2.22: Spectrumandspectralenvelopeof a violin
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Figure2.23: Spectrumandspectralenvelopeof a thevowel /e/
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Figure2.24: Spectrumandspectralenvelopeof a thevowel /a/
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Figure2.25: Spectrumandspectralenvelopeof a thevowel /o/
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2.3.1 SpectralEnvelopeCorr ection for Transposition

In speechor in the singingvoice, the spectralenvelopeis quite independentof the pitch (seesection2.4
for why this is so). However, if we transposethevowel in figure2.23up by oneoctave by multiplying the
frequenciesof all partialsby 2 andperforminganadditiveresynthesis,thespectralenvelopewill necessarily
be transposedalso. Figure 2.26 shows this effect which soundsquite unnatural(it is sometimestermed
themickey mouseeffect). Theunnaturalnesscomesfrom thefactthattheformantsareshiftedup oneoctave,
whichcorrespondsto shrinkingthevocaltractto half of its length.Obviously, thisis notthenaturalbehaviour
of thevocaltract.

To avoid this, the spectralenvelopehasto be kept constant,while the partials“slide” alongit to their new
values.This meansthat the amplitudeof a transposedpartial is no longerdeterminedby the amplitudeof
theoriginal partial,but by thevalueof thespectralenvelopeat thefrequency of thetransposedpartial,asin
figure2.27. This way, only thepartialsareshifted,but thespectralenvelopeandthustheformantlocations
staythesame,makingthevowel soundnatural.

For aneasiercomparison,figure2.28shows thespectralenvelopesof thetransposedsoundwith andwithout
spectralenvelopecorrection,onafrequency grid spacedat366Hz intervals,thefundamentalfrequency of the
transposedsound.It canbeclearlyseenthat thepartialsof bothareat thesamefrequencies,but at different
amplitudes,and that onespectralenvelopeis the stretchedversionof the other (althoughthe compressed
spectralenvelopelackssomeof thedetailsof thestretchedone).

2.3.2 Vibrato Tracing of SpectralEnvelopes

Xavier Rodetremarkedthatan interestingway to observe the truespectralenvelopeof thesingingvoice is
to exploit its independenceof pitch, makinguseof the small but fastvariationof pitch while singingwith
a vibrato. In onetestrecording,duringoneperiodof vibratoof c.a. 200ms, thefundamentalfrequency
oscillatesaround149 Hz by a maximumdeviation in frequency of Hz. The harmonicpartialsat

times frequency follow, andoscillateby . Becausethe spectralenvelopestaysfixed, they sweep
underneathits curve,tracingsmallportionsof its contour, but neverthelessgiving its exactslope.

Figure2.29shows the partialsof all the 20 time-framesduring oneperiodof a vibrato, collapsedtogether
into oneframe. (Thedatawasgeneratedby NathalieHenrich[Hen98].) In figure2.30,a close-upof figure
2.29,the tracesleft by eachpartialwhile they follow theoscillationof the fundamentalfrequency show up
asdistinctgroupsof crosses.All in all, at higherfrequencies,theamountof irritating factorsaugments,and
morenoiseis apparent.

2.4 The Source–Filter Model of SpeechProduction

Becauseone of the main applicationsof spectralenvelopeswill be the improvementof the analysisand
synthesisof thesingingvoice,we will take a look at a somewhatsimplifying, but practicalmodelof speech
production.It is well groundedin phoneticandphonologicalresearchandappliesto thesingingvoicealso.
For moredetailssee[CY96].

We distinguishtwo typesof voicing:

Voicedspeech is generatedby themodulationof theairstreamof thelungsby periodicopeningandclosing
of thevocal folds in theglottis or larynx. This is usede.g. for vowelsandnasalconsonantslike /m/,
/n/.

Unvoicedspeech is generatedby a constrictionof thevocal tract (seefigure2.31)narrow enoughto cause
turbulent airflow, which resultsin noise,e.g. in fricatives like /f/, /s/, or breathyvoice (wherethe
constrictionis in theglottis). Unvoicedplosiveslike /p/, /t/, /k/ fall into this category, too.
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Figure2.26: Transpositionof voicewithoutspectralenvelopecorrection
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Figure2.27: Transpositionof voicewith spectralenvelopecorrection
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Figure2.28: Transpositionof voice: Thespectralenvelopesof figures2.26and2.27arelayeredto show the
effectof transpositionwith andwithoutspectralenvelopecorrection
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Figure2.29: Spectralenvelopeof thesingingvoicetracedby a vibrato. Thecrossesmarkthepartialsin the
frequency–amplitudeplaneof all time-framesfrom oneperiodof thevibrato. Thespectralenvelopefollows
theslopeexactly.
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Figure2.30: Enlargementof figure2.29

Of course,thesetwo typescanbe appliedsimultaneously, e.g. in voicedfricativeslike /z/ or /v/, or in the
voicedplosives/b/, /d/, /g/.

Froma signalprocessingpointof view, this behaviour canbemodeledby a linearsystem(seesection2.1.4)
asshown in figure2.32.Thesourceis modeledby eitheranimpulsetrain for thevoicedspeechcomponent,
or a randomsignal for the unvoicedcomponent,yielding an excitation signal with Fourier transform

. The actualsourceis the waveform of the vibration of the vocal folds or the turbulencecausedby a
constriction.Its spectrumis obtainedby filtering with thesourcefilter . Then,theeffectof theshapeof
thevocaltract is modeledby . Finally, theradiationcharacteristicsof thelips aretakeninto accountby

.

By theassociativity of linearsystems(equation(2.16)),thesethreefilterscanbecombinedto onesinglefilter
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Figure2.32: Source–filtermodelof speechproduction

by multiplicationof their respective transferfunctions:

(2.29)

While the sourcespectrum and lip radiation aremostly constantandwell known a priori , the
vocaltracttransferfunction is thecharacteristicpart to determinearticulation andthusthecontentof
thespeechbeinguttered.It deservesthereforeour specialattentionanda closerlook how it canbemodeled
adequately.

Length

Radius

Figure2.33: Acoustictubemodelof thevocaltract

The AcousticTube Model

Thevocaltractcanbeviewedasanacoustictube of varyingdiameter. Wecanabstractfrom its curvatureand
divide it into cylindrical sectionsof equalwidth asshown in figure2.33(to berotatedaroundthehorizontal
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axis). Dependingon the shapeof the acoustictube(mainly influencedby tongueposition),a soundwave
travelling throughit will bereflectedin acertainwaysothatinterferenceswill generateresonancesatcertain
frequencies.Theseresonancesarecalledformants. Their locationlargely determinesthespeechsoundthat
is heard.

Like in every model,somedetailsof the complexity of the vocal tract have beenomitted. First of all, the
nasaltract is completelyignored. This secondcavity is shapedvery irregularly and introducesadditional
resonancesandanti-resonances(nasalzeros),becauseof the effect of coupling. Fortunately, the zerosare
not vital for therecognitionof thespeechsound.8 Next, certainspeechsoundslike laterals(e.g. /l/) have a
tongueconfigurationwhich is not at all well describedby a simpleacoustictube.Also (non-linear)coupling
effectsbetweenthevocal tractandtheglottis arenot takeninto account.Finally, themodelneitherrespects
theviscuosityof thewallsof thevocaltract,nordampingthatoccurs.

Someof thesedrawbacksapply alsoto the source–filtermodel,but taken asa modelof the speechsound,
ratherthanthespeechproduction,it servesremarkablywell. Especially, it providesuswith a definitionof a
spectralenvelopefor the voice: Thespectralenvelopeis the transferfunctionof thefilter part of the
source–filtermodel,asin equation(2.29).Thus,to estimatethespectralenvelope,we needto separate
from , theFouriertransformof theexcitationsignal.Becausethefinal speechsignalis aconvolutionof
thesourcesignalwith the impulseresponseof thefilter , this is calleddeconvolution. Chapter3 will
presentsomemethodsto accomplishthis.

Thesource–filtermodelappliesto a largeclassof instrumentsalso,especiallythosewhich usea resonating
body to amplify theoscillationsof a source.For examplein string instrumentslike theguitaror violin, the
corpuswill have resonantfrequencies(andanti-resonances),suchthat it actsasa filter (albeitconstantover
time, contraryto thevoice). Also in wind instrumentslike thetrumpet,thespectralenvelopewill behighly
independentof the pitch, but varying with playing style (dynamics,lip pressureandstiffness),and it will
determinethetimbreto a largedegree.

2.5 The Software-Envir onmentat IRCAM

This sectionwill givea brief overview of thesoftwaresystemsfor soundanalysis,synthesis,andprocessing
developedat IRCAM which are relatedto spectralenvelopes. First, the systemswhich will usespectral
envelopeswill be shortly described.Then,the systemsthe spectralenvelopelibrary is baseduponwill be
presented.Later, chapter8 will explain how eachsystemcouldbenefitfrom spectralenvelopehandling.In
fact,mostof theprogramswill makeuseof thespectralenvelopelibrary developedin this project.

ADDITIVE

TheADDITIVE program[Rod97b] performstheadditiveanalysisandresynthesisdescribedin section
2.2. It analysesa soundfile accordingto the sumof harmonicsinusoids(harmonicpartials)model
whosefrequenciesareintegermultiplesof thefundamentalfrequency . Notethatit is crucialto know
the(time-varying)fundamentalfrequency asexactly aspossibleto beableto recognisetheharmonic
partials.Therefore,a first analysisstepconsistsof pitch estimation,afterwhich theparametersof the
partials(number, frequency, amplitudeandphase) areestimatedandwritten to a parameterfile called
format file. The numberparametergroupsthe resultingpartialsinto tracks or partial trajectories.
The synthesisstagetakesa partial parameterfile as input andcomputesa syntheticsignalwhich is
closeto theoriginal signal. In fact,substractingthis resynthesisedsinusoidalsignalfrom theoriginal
leavestheresidualpartof thesignal,i.e. everythingwhichcan’t berepresentedby harmonicsinusoids.
Thisprovesthetremendousaccuracy of theadditiveanalysismethodused.

HMM

The HMM program[DGR93] usesa moregeneralizedapproachto additive analysis.Theunderlying
modelisnolongerrestrictedto harmonicsinusoids,but incorporatesinharmonicsinusoids(atfractional
multiplesof the fundamentalfrequency) aswell. Partial trackingis doneby a purely combinatorial
Hidden Mark ov Model, usingtheViterbi algorithm . A partialtrajectoryis consideredasasequence
of peaksin time which satisfiescontinuity constraintson the slopesof the parameters.The method
evenallows thefrequency linesof partialtrajectoriesto cross.

8They can,however, leadto problemsin formantdetection,whenthey arecloseto thecenterfrequency of a (broad)formant,they
seemto split it into two formants.
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XTRAJ

To displaypartialparameterfilesgeneratedby ADDITIVE or HMM graphically, theprogramXTRAJ, a
descendentof XGRAPH, plotsthepartialtrajectoriesin thetime–frequency plane,while theamplitude
of thepartialsis codedby colour(seefigure2.34).

CHANT

The CHANT project [RPB84,RPB85]wasoriginally intendedfor the analysisandsynthesisof the
singingvoice,but wasquickly expandedto cover generalsoundsynthesisby rule. It is basedon the
FOFmodelof synthesis(seesection4.5), a flexible andfasttime-domainadditive synthesismethod.
Today, CHANT is implementedin the CHANT-library [Vir97], which is controlledby DIPHONE (see
below).

DIPHONE

DIPHONE [RL97] is agraphicalsoundcompositionenvironmentwhichcontrolsadditivesynthesisand
CHANT. It runson Apple Macintoshandis expandableby plugins(eachsynthesismethodis in facta
plugin). Thecentralconceptof theprogramis thatof concatenatingdiphones:A diphone is asegment
of a parametricdescriptionof sound. When diphonesare combinedto sequences,the overlapping
partsbetweenthemwill be interpolated,allowing e.g. for astoundingmorphingbetweencompletely
differentsounds.

FTS / MAX / jMax
FTS (FasterThanSound) [Puc91b] is IRCAM’s real-timesignalprocessingsystem,controlledby the
graphicalprogrammingenvironmentMAX [Puc91a]. It was first developedto run on the IRCAM
SignalProcessingWorkstation(ISPW),a custom-built DSP-cardto plug into NeXT-workstations.It
hasbeenportedto run natively (i.e. without specialsignalprocessinghardware)on SGI workstations
and on the Linux operatingsystem[DDPZ94], the new improved user interface jMax is basedon
Java. It is a modular, extensiblesystem,which allows for thesetupof any soundsynthesisandsignal
processingalgorithm.

Figure2.34: Displayof partialtrajectoriesof a tenor’svibratowith XTRAJ

Thefollowing softwaresystemsareusedby thespectralenvelopelibrary:
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UDI
TheUniversal DSPInterface [WRD92] is a portablelibrary of digital signalprocessingroutines.It
providesthe commonlyneededvectorandsignalprocessingoperations,which will run on a general
purposecomputer, aswell ason fastspecializedDSPhardware,if present.

PM

PM [Gar94] is a library for additive analysis,transformation,andsynthesis. It is the basisfor the
ADDITIVE program. To the spectralenvelopelibrary, it providesfunctionsanddataabstractionsto
handleandmanipulatesetsof additive partial parameters,time-framesof setsof partials,andbreak-
point functions.

STTOOLS

The STTOOLS library handlesthe input, output, and conversionof soundfiles. Both standardfile
formatslike AIFF (Audio InterchangeFile Format)and the IRCAM’s sf soundfile format canbe
used.This library is alsothebasisfor thecommand-linetoolsto convert,query, andplaysoundfiles.

SDIF
TheSDIF(SoundDataInterchangeFormat) [Vir98] is afile formatdevelopedby IRCAM andCNMAT
(Centerfor New MusicandAudio Technologies,Berkeley) which standardizesandunifiesthevarious
representationsfor sounddatawhichsurpassasimpletime-domainrepresentationasasampledsignal.
SDIF is anopen,extensible,framebasedformat. It cancombinemultiple time-taggedframesof data
of different types,and is optimizedboth for archiving and for streaming.At IRCAM, it is already
usedfor CHANT andadditive synthesis.An SDIF-library exists which offers functionsto readand
write data,anddefinenew datatypes.This projectaddedthedefinitionof new datatypesfor spectral
envelopes.Which aredescribedin detail in section7.5.



Chapter 3

Estimation of SpectralEnvelopes

Estimationis thetaskof computingthespectralenvelopeof a signal.First, thegeneralrequirementsfor this
stepwill be introducedin section3.1, thenthe estimationmethodsLPC, cepstrum,anddiscretecepstrum
will be describedin the following sections3.2–3.5. Thesedescriptionswill proceedfrom a non-formal
introduction(what the algorithm does) to a detailedformal development(how it is done), in somecases
followedby a definitionof theclassof thealgorithmin thetaxonomyof signalprocessingsystems.For the
discretecepstrummethod,anevaluationwill bepresentedin section3.6.

As the methodsfor spectralenvelopeestimationdescribedin this chapterall have their strongandweak
points,dependingon thesignalandtheneedsof theuser, all methodshavebeenimplementedin thespectral
envelopelibrary, to keepit asflexible aspossible.

3.1 Requirements

The requirementsfor the estimationarebasicallythe fulfillment of the propertiesof spectralenvelopesas
describedin section2.3,with someadditionsandprecisations.

Exactness
A precisehit on thepoint in thefrequency–amplitudeplanedefinedby asinusoidalpartialis desirable.
In section2.3 this wascalledtheenvelopefit property, in that thespectralenvelopeis anenvelopeof
thespectrum,i.e. it wrapstightly aroundthemagnitudespectrum,linking thepeaks.

The degreeof exactnessis determinedby the perceptualabilities of the humanear. In the lower
frequency range,it candistinguishdifferencesin amplitudeassmallas1 dB. For higherfrequencies,
thesensitivity is a little lower.

Sometimesit is not possibleto link every peak,e.g. whentheadditiveanalysisfindsa groupof peaks
closeto eachotherin theupperfrequency range.Then,thespectralenvelopeshouldfind a resonable
intermediatepath,e.g.throughthecenterof gravity of eachfrequency sliceof thecloud.

Robustness
Theestimationmethodhasto beapplicableto a wide rangeof signalswith very differentcharacteris-
tics, from highpitchedharmonicsoundswith theirwidespacedpartialsto noisysoundsor mixturesof
harmonicandnoisysounds.Veryoften,theproblemslie in additiveanalysisin thatvery low amplitude
peaksareidentifiedassinusoidalpartialsalthoughthey pertainto theresidualnoiseor evento thenoise
floor of the recording.This is alsoa questionof choosingthe right parametersfor additive analysis,
e.g.thethresholdfor partialamplitudes.

Regularity
A certainsmoothnessor regularity is required.Thismeans,thespectralenvelopemustnotoscillatetoo
much,but it shouldstill give a generalideaof the distribution of the signal’s energy over frequency.
This translatesto a restrictionon theslopeof theenvelope(givenby its first derivative),whichmaybe
dependenton context.

30
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Steadyness
We wantthecurve to besteady(in themathematicalsenseof a steadyfunction),i.e. it hasno corners
(wherethefirst derivative jumps).

3.2 LPC SpectralEnvelope

LPC (linearpredictive coding,see[MG80, Opp78, Rob98]) is anearlymethodof digital signalprocessing,
developedoriginally for speechtransmissionandcompression.By the specialpropertiesof the method,it
canalsobeusedfor spectralenvelopeestimation.

The ideabehindLPC analysisis to representeachsampleof a signal in the time-domainby a linear
combinationof the precedingvalues through . is calledtheorder of theLPC.The
approximatedvalue is computedfrom the precedingvaluesand predictor-coefficients(alsocalled
LPC-coefficients) asfollows:

(3.1)

Now, for eachtime-frame,thecoefficients will becomputedsuchthatthepredictionerror
for this window is minimal. For transmission,it is sufficent to sendthe coefficientsandtheresidual

signal , which usesa smallerrangeof valuesandcanthusbe codedwith fewer bits. The receiver can
easilyrecover theoriginal signalfrom andthe .

Synthesis Filter
e(n)

Analysis Filter
s(n) s(n)

ai

Figure3.1: LPC-analysisandsynthesisfor transmission

Transmitterandreceivercanalsoberegardedasalinearsystemwith anadaptivefilter, asshown in figure3.1.
Whathappenswhentheresidualsignal is minimized,is thattheanalysisfilter with a transferfunction
givenby

(3.2)

tries to suppressthe frequenciesin the input signal that have a high magnitude,in order to achieve
a maximally flat spectrum(this is sometimescall whitening of a spectrum). The synthesisfilter on the
receiving sideis theinverseof theanalysisfilter: It amplifiesthefrequenciesthathavebeenattenuatedby the
transferfunctionof theanalysisfilter

(3.3)

As can be seen,the synthesisfilter is an all-pole filter , since its transferfunction is definedby
a rational function with no zeropoints in the numerator, but with zeropoints in the denominator .
Becausethesezeropointscomein compex-conjugatepairs,theabsolutevalue(themagnitude)of thetransfer
functionof theresultingfilter shows poles, or peaks.

As theanalysisfilter triesto flattenthespectrum,it will adaptto it in away thatits inversefilter will describe
thespectralenvelopeof thesignal.As theorderdecreases(i.e. fewerpolesareavailable),theapproximation
of thespectralenvelopewill becomecoarser, but theenvelopewill neverthelessreflecttheroughdistribution
of energy in thespectrum.This canbeseenin figure3.2.

For theactualevaluationof thepredictor-coefficientsto minimizethepredictionerror, two classesof meth-
odsexist: the autocovariance method andthe autocorrelation method. Both have their advantagesand
disadvantages[Opp78], however, theautocorrelationmethodis morewidely used,sinceit canbeefficiently
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Figure3.2: TheLPCspectralenvelopeof amongolianchant.As theorderincreases,morepolesareavailable
to themodel,andtheenvelopefollows thespectrummoreaccurately.

implementedusingtheDurbin–Levinson recursion. I won’t elaborateon themethodshere,sincethey are
amplydescribedin theliterature.

In the courseof evaluationof the predictor-coefficients,an intermediateset of parameters,the reflection
coefficients areobtained,which, in fact,correspondto thereflectionof acousticwavesat theboundaries
betweensuccessive sectionsof an acoustictube,aspresentedin section2.4. Thesecoefficientshave ad-
vantagesfor synthesis,andcanbe interpolatedwithout problemsfor the validity (stability) of the resulting
synthesisfilter.

Variousotherparametersetsexist [MG80, Rob98]: therootsof theanalysisfilter , log arearatios(LAR),
thelogarithmof theratiosof theareasof thesectionsof theacoustictubemodelgivenby , the
line spectralpairs,andothers.Sinceit is possibleto convertbetweenthem,they don’t needto beconsidered
separatelyfor representation.

Disadvantagesof the LPC method

A disadvantageof theLPC spectralenvelopein analysingharmonicsounds(soundswith a prevalentpartial
structure)is thatit will tendto envelopethespectrumastightly aspossible,andwill undercertainconditions
descenddown to the level of residualnoisein the gapbetweentwo harmonicpartials. This will happen
whenever thespacebetweenpartialsis large,asin high pitchedsounds,andwhentheorderis high enough,
i.e. thereareenoughpolesto cometo lay on everypartialpeak.Seefigure3.3 for anexampleof this effect.

3.3 Cepstrum SpectralEnvelope

Thecepstrumis a methodof speechanalysisbasedon aspectralrepresentationof thesignal.To explain the
generalideaof thecepstrummethodusedfor spectralenvelopeestimation,two approachesarepossible.First,
onecansimply think of obtainingthespectralenvelopefrom a Fouriermagnitudespectrumby successively
smoothingits curve to get rid of the rapidfluctuations.This boils down to applyinga low passfilter to the
spectrum,interpretedasa signal,which lets only the slow fluctuations(low frequency oscillationsof the
curve)pass,hencethesmoothing.

Second,rememberingthatasignalcanbeviewedasaconvolutionof asourcesignalwith afilter, wehave to
somehow separatethesourcespectrumfrom thefilter transferfunction,which is a very goodestimationof
thespectralenvelope.
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Figure 3.3: Problematicbehaviour of theLPC spectralenvelopeestimationwhenthepartialsarespacedfar
apart.TheLPCof order40 reachesmostof thepeaks,but “hangsdown” in between,while theLPCof order
16 reachesonly two peakexactlyanddescribestheaveragebetweenpeaksandresidualnoisefor therest.

Accordingto the source–filtermodelof speechproductionintroducedin section2.4, a speechsignal
canbeexpressedasaconvolutionbetweenasourceor excitationsignal , producedby theglottis,andthe
impulseresponseof thevocaltractfilter :

(3.4)

In frequency-domain,this convolutionbecomesthemultiplicationof therespectiveFouriertransforms:

(3.5)

Taking the logarithmof the absolutevalueof the Fourier transforms(the magnitudespectra,seeequation
(2.11)),themultiplicationof equation(3.5) is convertedto anaddition:

(3.6)

If we now apply a Fourier transform1 to the logarithm of the magnitudespectrum,we get the frequency
distributionof thefluctuationsin thecurveof thespectrum , which is calledthecepstrum:

(3.7)

Underthereasonableassumptionthat thesourcespectrumhasonly rapidfluctuations(theexcitationsignal
is a stable,regular oscillationof around100 Hz), its contribution to will be concentratedin its higher

regions,while the contribution of will be the slow fluctuationsin the spectrumof , andwill therefore
be concentratedonly in the lower part of , ascanbe seenin figure 3.4. Thus, the separationof the two
componentsbecomestrivial: Only the first of the cepstralcoefficients are kept, where is
calledtheorder of thecepstrum.Theserepresentthe low frequency components,i.e. theslowly changing
fluctuations,whencethesmoothingof thespectrum to becomeaspectralenvelope.This smoothingeffect
canbeseenin figure3.5.

1In fact, we apply an inverseFourier transformbecausethen we get back the right units and quantitiesof time and amplitude.
Comparingequations(2.9) and(2.10), it canbe seenthat the Fourier transformdiffers from the inverseFourier transformonly in a
scalingfactorandthesignof theexponent.
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Figure 3.4: The cepstrum itself. The quefrency is given as the index of the cepstralcoefficients
(normally, it is measuredin seconds).It canbe seenthat most informationis concentratedin the left part,
up to order20. Thesharppeakat about84 correspondsto thedistanceof the regularly spacedlobesin the
spectrumin figure 3.5, which arethe harmonicpartialsat integer multiplesof the fundamentalfrequency.
This is thecontributionof thesourcespectrum.
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Figure3.5: Thecepstrumspectralenvelopeof amongolianchant

Theunit of thecepstrumwasbaptisedquefrency, by virtue of inversingthesyllablesof frequency, analog
to cepstrumstemmingfrom an inversionof spectrum, to reflectthepropertiesof themethod.Variousother
nomenclaturahavebeeninventedadheringto thesamestyle,but only thesetwo new wordshavecaughton.

In thetaxonomyof signalprocessingmethods,thecepstrumbelongsto theclassof homomorphic deconvo-
lution methods.

To finally obtainthespectralenvelopefrom thecepstralcoefficients,onedefinesthefrequencies at which
the value of the envelopeis to be obtained(the bins of the envelope). Usually, one wants equidistant
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frequenciesup to theNyquistfrequency :

(3.8)

Then,afterpassingto angularfrequencies

(3.9)

theenvelopevalue for frequency is

(3.10)

Notethatmostof thisexpressionis independentof the , especiallytheexpensivecosineevaluation,andcan
thereforebeprecomputedasan matrix with

(3.11)

sothatequation(3.10)becomes

(3.12)

Disadvantagesof the Cepstrum Method

Therearetwo disadvantagesof thecepstrummethodof spectralenvelopeestimation.First,asthecepstrumis
essentiallya low passfiltering of thecurveof thespectruminterpretedasasignal,it will actuallyaverage-out
thefluctuationsof thecurveof thespectrum.Theeffect canbeseenin figure3.5. This is not whatwe want,
becausethen the resultingcurve hasno longer the envelopingpropertyto link the peaksof the curve (cf.
section2.3).
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Figure3.6: Problematicbehaviour of thecepstrumspectralenvelopeestimationwhenthepartialsarespaced
farapart.

Second,similar to LPC,in analysingharmonicsounds(with aconspicuouspartialstructure)they will follow
thecurve of thespectrumdown to the residualnoiselevel in thegapbetweentwo partials,especiallywhen
thepartialsarespacedfarapartasfor high pitchedsounds.Seefigure3.6 for anexampleof this behaviour.
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3.4 DiscreteCepstrum SpectralEnvelope

Contraryto the previous two methods,LPC, which is computedfrom the signal, andcepstrum,which is
computedfrom a spectralrepresentationof the signalwith pointsspacedregularly on the frequency axis,
thediscretecepstrumspectralenvelopeis computedfrom discretepointsin the frequency/amplitudeplane.
Thesepoints,whichdonothaveto beregularlyspacedin frequency, arethespectralpeaksof asound,which
will mostoftenbethesinusoidalpartialsfoundby additiveanalysis(seesection2.2).

As describedat theendof sections3.2and3.3,theLPCor cepstrumspectralenvelopeswill bothexhibit the
problemto descenddown to the level of residualnoisebetweenpartialswhich arespacedtoo far apart,as
canbeseenin figures3.3and3.6.

Thediscretecepstrum,to thecontrary, will notcarefor anythinggoingon in thesignalexceptthepartials.It
will generatea smoothlyinterpolatedcurvewhich triesto link thepartialpeaks,asin figure3.7.
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Figure3.7: Exampleof a discretecepstrumspectralenvelope

Thefollowing methodto estimatethediscretecepstrumwasdevelopedby Thierry GalasandXavier Rodet
in [GR90, GR91a,GR91b]. A givensetof spectralpeaks(partials)with amplitudes at frequencies

, definesamagnitudespectrum as

(3.13)

We consider to betheresultof aconvolution

(3.14)

where is thesourcespectrumwith amplitudes at thesamefrequencies asfor

(3.15)

and is a filter transferfunctionof afilter modeledby

(3.16)
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Assuminga flat sourcespectrum for all , all we needto do is find thefilter parameters which
minimizethequadraticerror betweenthelog spectra.This errorcriterionis developedfrom theideaof a
spectraldistance.

(3.17)

To achievethis,onehasto simply solve thematrix equation

(3.18)

whereA is a matrix of order , where is calledtheorder of thediscretecepstrum,givenby

(3.19)

is thevectorof filter parameterswe’re looking for

... (3.20)

and ist thecolumnvectorgivenby

(3.21)

Thematrix canbecomputedveryefficiently by usinganintermediatevector givenby

(3.22)

sothat .

The matrix equation(3.18)canbe efficiently solved applyingthe Cholesky algorithm,which factorises
suchthat

(3.23)

where is aninferior triangularmatrix whosediagonalelementsare1, is thetransposedmatrix (i.e. it is
a superiortriangularmatrix, and is a diagonalmatrix. Now thematrix equationcanbesolvedby simple
substitutionanddivision.

The asymptoticcomplexity of the discretecepstrummethoddescribedabove is , which means
thatthenumberof partials is not of a big concern,sincetheorderis linearin , but thattheorder hasto
bekeptassmallaspossible,becauseof its cubicinfluence.
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Figure3.8: Theeffectof regularization:theunregularizeddiscretecepstrumspectralenvelope( ) shows
a largehumpbetween3500and4000Hz, whereasthecurve regularizedby a factorof behaves
nicely.

3.5 Impr ovementsof the DiscreteCepstrum Method

3.5.1 Regularization

The techniqueof regularization,developedin [GR90, COM97] improves the smoothnessof the spectral
envelope.Its ideais to penalizetoosteepaslopeof thespectralenvelopeby addinga regularizationterm
to thematrix , definedin equation(3.19),where is aquadraticmatrixof size , thediagonalof which
is definedby:

(3.24)

Thenthediscretecepstrumalgorithmproceedsasin section3.4.

Theeffectof regularizationcanbeseenin figure3.8. Thedisadvantageor regularizationis thatsometimesa
steepslopeis necessaryto reacha singleextremelysituatedpeak,aswith thelow peakat about3400Hz in
thefigure.With regularization,thecurve falls shortof reachingit.

3.5.2 StochasticSmoothing(The Cloud Method)

Thecloudmethoddevelopedby ThierryGalasandXavier Rodetin [GR90] is awayto getasmootherspectral
envelopewith thediscretecepstrumalgorithm. Themethodgeneratesa cloudof pointsaroundeachpartial
on thefrequency–amplitudeplaneto give thediscretecepstrumalgorithmmorefreedomtrying to fit a curve
thatlinks all thepartials.
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Figure3.9: Thecloudof pointsaroundtheoriginalpartialgeneratedby stochasticsmoothingwith indifferent
slope(left), andwith a hint for a rising slope(right)
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The addedpoints are displacedfrom the original point at frequency and amplitude by a
frequency shift andanamplitudefactor asshown in figure3.9 left:

(3.25)

(3.26)

(3.27)

(3.28)

Furthermore,theshapeof cloudcanbeusedto influencethebehaviour of thespectralenvelope,if additional
informationis known, asshown in figure3.9 right. For example,with a configurationasin thefigure, if it
wasknown thata point is situatedin therising slopeof a formant,thespectralenvelopecouldbeinfluenced
to alsoprefera rising slope.Thedisplacementof theaddedpointsis givenby

(3.29)

(3.30)

(3.31)

(3.32)

However, to avoid too stronga deviationof thespectralenvelopefrom theoriginal point,weightingis intro-
ducedin the discretecepstrumalgorithmto attenuatethe influenceof the addedpointswith respectto the
original point. Theoriginal point is weightedwith a factorof 5, whereastheaddedpointsareweightedwith
a factorof 1, asexpressedby thethicknessof thepointsin figure3.9. Theweighting is introducedin the
calculationof theerrorcriterionin equation(3.17):

(3.33)

Thus,equation(3.19)will become

(3.34)

andequation(3.21)is changedto

(3.35)

Fromamoreformalpointof view, thecloudmethodis in facta replacementof eachoriginalpartial(spectral
peak) by a probability distribution . This is dueto the impossibility of knowing the pre-
cisepositionof thespectralpeaks,which is reflectedby theprobability distribution, while beforea perfect
knowledgeof thespectralpeakswasassumed.

Thenew errorcriterion,assuming , is:

(3.36)

Thedistribution canbesampled,i.e. eachspectralpeak is replacedby a setof peaks , to
yield thecloudof pointsdescribedat thebeginningof this section.Formally, for a gaussiandistribution

(3.37)

theweightswould thenbe .

Figure3.10showstheimprovementof discretecepstrumspectralenvelopeestimationwith stochasticsmooth-
ing. Thecloudmethodcanalsobecombinedwith regularization,describedin section3.5.1to furtherimprove
results.
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Figure 3.10: Improvementof spectralenvelope estimationwith stochasticsmoothing. The envelope
smoothedby the cloud algorithmreachesthe two low frequency peaks,while the regularizedenvelopeis
too restrained.

3.5.3 Logarithmic FrequencyScaling

As we have seenin section3.4, the discretecepstrumalgorithm is of cubic complexity in , the orderof
the discretecepstrum.This meansthat we musttry to reducethe ordernecessaryfor a goodestimationof
thespectralenvelope,to keepcomputationtimesshort. Oneway to achieve this is to judiciouslyspendthe
precisenessor resolutionwhereit is mostneeded,andreduceit whereit is not soimportant.We canexploit
thepropertiesof thehumanauditorysystem,for thatmatter.

Due to the logarithmic frequency resolutionof the humanhearing,which also led to the mel frequency
scale,we don’t needto be very exact with the spectralenvelopein higherfrequency ranges.It sufficesto
representthe roughlocationof energy, whereasin the low frequencies,very slight deviationsin frequency
andamplitudeareperceptible.Thereforewecanintroducea logarithmicfrequency scalingsimilar to themel
scale,assuggestedin [GR91b], which is linearbelow a givenbreak fr equency, andlogarithmicabove. The
melscaleis definedby

mel
if

if
(3.38)

where is thebreakfrequency and is themel frequency at thebreakpoint.

Taking this formula directly posesproblems,becausefrequenciescansurpassthe Nyquist frequency ,
which is to beavoided,becauseit disturbsthevalidity of thesubsequentcalculations.Normalizingtherange
of themel functionto within theNyquistfrequency yields:

melnorm
if

if
(3.39)

where is thenormalizationfactorgivenby

(3.40)

Thenew logarithmicscalingfunctionmelnormno longerdependson .
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Figure3.11: Effectof logarithmicfrequency scaling.Thehigherpartof thespectralenvelopeis quiteinexact,
but theaccuracy in thelow frequency range(below thebreakfrequency of 2500Hz) is muchbetter.

Theeffectof logarithmicfrequency scalingcanbeseenin figure3.11.

As anadditionaladvantage,spectralenvelopesstoredwith a logarithmicfrequency supporttake lessspace.
Also thecomplexity of synthesiscanbereducedwhentherearefewer pointsneededto representa spectral
envelope.

To retrieve thespectralenvelopefrom cepstralcoefficientsobtainedwith logarithmicfrequency scaling,the
frequencies of thebinsof theenvelope(seeendof section3.3)haveto beconvertedto logarithmicscale:

melnorm (3.41)

Thenproceedwith equations(3.9)and(3.10).

Thereis onepitfall in theapplicationof logarithmicfrequency scaling:Performingthelinear-to-logarithmic
transformationbeforeapplyingthe cloud deterioratesthe resultsslightly. To seewhy this is so, remember
that thecloudalgorithm(section3.5.2)addspointswith a constantlinearshift aroundeachpeakfrequency,
whichwill subsequentlybestretchedfor thelinearpartor unsymmetricallyconvertedto thelogarithmicscale
for therest.

3.5.4 Adding Points to Control the Envelope

Therearetwo situationswherethebehaviour of thediscretecepstrumspectralenvelopehasto becontrolled
by addingartificial points to the partialsfor discretecepstrumestimation:at the bordersandbetweenthe
highestpartialandtheupperborder. If thecloudmethodof stochasticsmoothing(section3.5.2)is selected,
thesepointswould be addedbeforethe cloud is applied(i.e. eachaddedpoint will have a cloud of points
aroundit).

The border points areaddedat the frequencies andat with half the amplitudeof the low-
est/highestpartial,respectively. Thiswill forcethespectralenvelopeto haveadownwardslopeattheborders.
Thus,if—by downwardtranspositionof thepartialswhile keepingthespectralenvelope—thereis a partial
which is moved to lower frequencies,thereis no risk that it will suddenlyrise in amplitude,but it will be
fadedout smoothly. Figure3.12shows theeffectof addingborderpoints.

However, if the frequency of the lowestpartial is lessthan , the low borderpoint is not added,sincethis
would obviously causeanunjustifieddip in thespectralenvelope,which would disturbthesmoothness.We
don’t have to worry aboutthe bordercondition thenanyway, sincethen the lowestpartial would be very
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Figure3.12: Effectof addingborderpointsto controlthespectralenvelope

closeto the0 Hz border, constrainingthespectralenvelopeenoughto preventit from rising. Thesameholds
analogouslyfor thehigh borderpoint.

Thefilling points fill up a possiblegapbetweenthefrequency of thehighestpartialand with very low
amplitudepeaks,spacedat ( beingthenumberof pointsof theenveloperequested).This is to avoid
too muchfreedomfor thespectralenvelope.If thespectralenvelopewasunconstrainedin a largefrequency
range,it would oscillatewildly.

3.6 Evaluation of DiscreteCepstrum Estimation

Theevaluationof discretecepstrumspectralenvelopeestimationdescribedin section3.4servesto makesure
that the developedalgorithmperformswell. Especiallythe propertythat the input pointsdon’t have to be
regularly spacedcanleadto largegapsandthustoo muchfreedomfor theenvelope,suchthat thereis a risk
of bogushumpswheretheenveloperisesseveraldB overthedesiredlevel. If suchahumpoccursin onetime
frameonly, it canbeaudibleasanartefact(animpulse)in resynthesis.

To checkthat suchhumpsdon’t occurwith the developedalgorithm, a large corpusof recordingsof the
singingvoicehasbeenevaluated.It comprises42 minutesof recordingsof a femalecoloraturasopranoand
a malecountertenormadefor the film Farinelli [DGR94]. The corpuscoversthe upperfrequency range,
wheretherisk for humpsis greatest.

The difficulty in evaluationis that the test if the estimatedspectralenvelopeis well-behavedhasto be au-
tomatedto be feasible,but how canthis propertyof beingwell-behavedbedescribedto the automaton?If
we knew a formal descriptionof a well-behavedspectralenvelope,we would immediatelyimplementit as
an estimationalgorithm. We can,however, comparethespectralenvelopeto somethingthat is not eligible
to bea spectralenvelope,but is close,andis guaranteedto produceno humps.This somethingis thecurve
obtainedby linear interpolation of the pointsin the frequency–amplitudeplane. It is not a goodspectral
envelopebecauseit hascorners.

The simplestapproachis to take the vertical distancebetweenthe linear interpolationand the estimated
spectralenvelope,asshown in figure 3.13. The histogramof absolutedifferences,which shows how their
numberis distributed,andthepoint of maximumdifferencearerecordedandcanbeexaminedlater, to see
how thedeviationcanbeavoided.
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pos.

neg.

Figure 3.13: Principleof evaluationof thediscretecepstrummethodby verticaldeviation (left), anddiffer-
encein area(right)
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Figure3.14: Exampleof evaluationof thediscretecepstrummethod

A moresophisticatedapproachtakestheareabetweenthe linear interpolationandestimatedspectralenve-
lope, asdemonstratedin figure 3.13 (right). Because,for the humanhearing,upward deviationsarevery
annoying, while downwarddeviationsarehardlynoticedat all, it would suffice to considerpositiveareas.

Theevaluationshowedsomedeviationsfirst, which couldbereducedby choosinga regularizationfactorof
, after this, no humpsin sensitive frequency rangesandat high amplitudescould be observed.

Figure3.14showssuchacase,whereadeviationof over16dB occurscloseto 8000Hz, but it comesfrom a
sensibleinterpolationof thealgorithmbetweenextremelyplacedpartialsat low amplitudes,andcanthusbe
ignored.



Chapter 4

Representationof SpectralEnvelopes

Therepresentationof spectralenvelopesis the pivoting point of the project. As we have seenin the previ-
ouschapter, thevariousestimationmethodsresultin very differentparameterizationsof spectralenvelopes.
However, thechoiceof onecanonicalrepresentationis essentialfor theflexibility of furtherprocessing.

Also, thechoiceof a goodcanonicalrepresentationof spectralenvelopesis crucial for their applicability to
a specifictask. Theability to manipulatethemin a usefulandeasyway, andthespeedof synthesisdepend
heavily on the representation.Specifically, the requirementsof locality, flexibility , speedof synthesis,and
spacewill be laid out in section4.1. Theuwill thenbe testedwith thedifferentpossiblerepresentationsin
the subsequentsections4.2–4.6. Finally, section4.7 will give a summaryof the qualitiesof the examined
methods,andpresenttherepresentationwhich waschosen.

4.1 Requirements

Preciseness
Naturally, therepresentationhasto describethespectralenvelopeobtainedfrom estimationasprecisely
aspossible.Methodswhich don’t fulfill thisbasicrequirementhavenot beenconsideredhere.

Stability
Therequirementof stability mandatesthat therepresentationberesilientto smallchangesin thedata
to be represented.Small changes,e.g. in the presenceof noise,mustnot leadto big changesin the
representation,but mustresultin equallysmallchanges.

The requirementof stability is of greatimportanceif we considerthat thedatato berepresentedcan
resultfrom variousdifferentestimationmethods,like cepstralor LPC analysis,or even from manual
input,andthatsomenoiseis alwayspresent.

Locality
The locality requirementstatesthat it be possibleto achieve a local changeof the spectralenvelope,
i.e. without affectingtheintensityof frequenciesfurtheraway from thepointof manipulation.

Ideally, therepresentationwouldfulfill therequirementof orthogonality , whereonecomponentof the
spectralenvelopecanbechangedwithoutaffectingtheothersatall.

Flexibility and easeof manipulation
The representationmustbe chosensuchthat manipulationswith an exactly defineddesiredoutcome
canbe easilyspecified,e.g. a certainformantlocationthathasto bereachedin voicesynthesis.For
the manipulative abilities to be really useful for musicalapplications,the relationshipbetweenthe
parametersof themanipulationandtheeffecton thespectrumhasto beeasilyunderstandable.

44
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Speedof synthesis
Therepresentationshouldbeusablefor soundsynthesisasdirectly aspossible,without first having to
be convertedto a differentform at high computationalcosts. This requirementis heavily dependent
on thetypeof synthesis,e.g. additive synthesisor filtering. This meansthatno idealsolutioncanbe
presented,but a compromisewhich is not thefastestchoicefor eachsynthesistype,but which doesn’t
penalizetoo much,evenin theworstcase.

Space
It is requiredthattherepresentationnot takeup too muchspace,especiallywith thefile representation
in mind.

Manual input
Finally, the representationshouldbe easyto specify manually, e.g. by drawing a curve or placing
primitiveshapes,or by textual input of parameters.

4.2 Filter Coefficients

Themoststraightforwardrepresentationof spectralenvelopesarethefilter coefficients,which aretheoutput
of the estimation,be it the cepstralcoefficients (section3.3 ff.), or oneof the LPC coefficients ,
(section3.2). They arethemostpreciserepresentationpossible.

They arestable,but not local. The non-locality is dueto the fact that they essentiallyrepresenta spectral
envelopein time-domain(by oneof differentpossiblefilter models),sochangingonecoefficientwill change
theenvelope’svalueat multiple frequencies.

Becausethechangesonewishesto effectwill bespecifiedin thefrequency-domain,they arealsonoteasyto
manipulate.

They do certainlyfulfill thespacerequirement(only order values),but arecostly in evaluationfor additive
synthesis,since cosineshave to beevaluatedfor eachfrequency at which we desireto know theamplitude
of theenvelope.For subtractivesynthesis,however, they areefficient,sincethey candirectlybeusedfor fast
time-domainfiltering.

They cannot at all bespecifiedmanually.

4.3 SpectralRepresentation

Thespectralrepresentationis thenaturalway a spectralenvelopewaspresentedin thepreviouschapters:as
an amplitudecurve in the frequency-domain,basedon an equidistantor logarithmicallyspacedfrequency
grid. Eachof the grid point is also calleda frequency bin. This representationis also calledsampled
spectralenveloperepresentation,becausewe take a sampleof the valueof the (theoretically)continuous
curveat eachpoint of thefrequency grid.

This representationis asstableasthefilter coefficients,becauseit is deriveddirectly from them. It is local,
andwhen the frequency scaleis linear, it is orthogonal,becausethe amplitudeat eachfrequency canbe
changedindependentlyfrom theothers.

It is the most flexible representation(due to the high locality), but not that easyto manipulate,because
the locality demandsthat all the valuesat all the frequenciesbe given. Especiallywhen we think of an
applicationfor thesingingvoice, thepreferredmanipulationsarechangesof thepositionandbandwidthof
formants,which meansthatnew amplitudevalueswould have to bespecifiedfor thewholefrequency range
of thespectralenvelopetheformantoccupies.

They arefastestfor additive synthesisandreasonablyfastfor filtering. They arereasonablycompact,since
thespacerequiredcanbeaslow as100points,evenlesswhenalogarithmicfrequency scaleis used.1 Manual
input is easy.

1A word of warning,though:Whenchoosingtoo smalla number of pointsfor theenvelopein relationto thehighestfrequency of
half thesamplingrate,severealiasingof thespectralenvelopecanresult. This is thesameeffect assamplinga signalwith a sampling
ratelower thantwicethehighestfrequency in thesignal.Here,thesignalis thespectralenvelopeto berepresented,while thenumberof
pointscorrespondsto thesamplingfrequency (their distanceis thesamplingperiod).Of course,this problemis greatlyalleviatedusing
a logarithmicfrequency scalealsofor representation.
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4.4 GeometricRepresentation

Startingfrom a spectralrepresentation,a geometricalrepresentationcanbederived,which tries to describe
theamplitudecurveof thespectralenvelopein thefrequency-domainwith fewerpointsnotspacedatequidis-
tant frequencies.Thegeometricalrepresentationcanbeof the form of a break-pointfunctionor splines,as
describedin thefollowing.

Figure4.1: Geometricrepresentationsof spectralenvelopes:asa breakpoint function(left); assplineswith
dashedcontinuousslope(right)

Breakpoint functions
A breakpointfunction(BPF)is ageneralmethodof representingafunction,beit in time-or frequency-
domain. It consistsof break points at . In our case, is the frequency and the
amplitude.The segmentsbetweenthebreakpointsareinterpolatedlinearly, asin figure4.1,left.

Splines
Splines[UAE93] aresimilar to breakpoint functions,but they provide for quadraticor cubic interpo-
lation of eachsectionbetweenthepoints given,usinga polynomialof degree2 or 3. Additionally,
continuity constraintsat the givenpointsstipulatethat the slopebe identical. This slope(the dashed
line in figure4.1,right) canalsobeaccessibleasaparameterfor manipulation.

Splineswould be appliedto spectralenveloperepresentationin a way that the points would be
placedon themaximaandminimaof the spectralrepresentation,wheretheslopeis zero,andon the
turningpoints,wherethecurvaturechangesdirection.

A weakgeneralpoint of geometricrepresentationsis that they don’t modelthe spectralenvelopein a way
relevant to its propertiesasa signal,but simply asa curve in euclidianspace.Especiallyinterdependencies
betweenthe given points, that arisefrom the signal characterof the spectralenvelopeare not taken into
accountautomatically.2

The stability of geometricrepresentationsis seriouslydisturbedby the fact that small changescan cause
a suddenchangeof the maximafound. They arequite local, andcanbe mademoreso by addingpoints
manually. They areflexible andeasyto manipulateandwill alwaysgivenicesmoothcurves.However, there
is atradeoff betweeneaseof manipulationandpreciseness:If thereis apointthatgovernsalargeareathatcan
thusbemanipulatedeasily, theprecisenesscansuffer becausealargestretchof thecurvewill beinterpolated.

Regardingspeed,thegeometricrepresentationsareslightly morecostly in synthesisthanspectralrepresen-
tation. For splines,theevaluationof theinterpolatingpolynomialshave to betakeninto account.Thespace
neededis lessthanfor spectralrepresentation,evenmoreso if pruningof redundantpointscanbe applied
(againat thecostof preciseness).

For specifyingspectralenvelopesmanuallyby drawing, geometricrepresentationsareverywell suited.

4.5 Formants

In a formant representation,a spectralenvelopeis composedof a parametricdescriptionof formants(the
resonancesof thevocaltractor of otheracousticresonator—seesection2.4)anda residualenvelope.Three
waysto representformantswill bepresented:FOFs,standardformants,andfuzzy formants(cf. figure4.2).

2Nevertheless,splinescanbe of someusefor spectralenvelopeestimationwhenthey areusedto pre-smooththe spectrumbefore
anestimationmethodis appliedto find the parametersof a filter model. In [TAW97], the authorspresenthow this canbe appliedto
low-orderLPC-analysis.
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Figure 4.2: A FOF (left), a preciseformant (middle), anda fuzzy formant,which is simply a frequency
region in a spectralenvelope(right), with their frequency-domainparameters

Formant-wavefunctions
A FOF, from the frenchFormed’ondeformantique[Rod84], is originally a methodof high quality
voice synthesisand soundsynthesisin general. It forms the basicsynthesismodel of the CHANT

system(section2.5). A FOFis a time-domainrepresentationof a singleformantasa basicwaveform,
severalof which areaddedto build up thedesiredspectrum(typically 5–7). A FOFis parameterized
both in termsof the frequency-domainandof the time-domain.The parameters,in fact, specifythe
spectralenvelopeof oneformant.

The frequency-domainparametersof a FOF arecenterfrequency , amplitude , bandwidth , and
skirt width , whichcanbecontrolledindependentlyfrom thebandwidth;thetime-domainparameters
arephase andexcitationandattenuationtimes. It canbe seen,that this is muchmoreinformation
thanis neededfor adescriptionof a spectralenvelope.

Preciseformants
A moreeconomicalway to describeformantsis to usethestandardparametersof a resonance:center
frequency , amplitude , andbandwidth . Thebandwidthspecifieshalf of thewidth of theformant
at 3 dB down from thepeak.Thenthespectralenvelope of oneformantis of theform (with an
appropriatescalingof theparameters):

(4.1)

Fuzzy formants
As anaugmentationof thespectralrepresentation(section4.3), I definefuzzy formantsasa formant
regionwithin aspectralenvelopewhereit is believedor known thataformantlies. With labeledsource
material(a recordingof the voice with annotationswhat speechsounds(phonemes)are spoken or
sung),thepositionsof theformantsin vowelsarefairly well known.

A fuzzy formantis specifiedby threefrequency parameters,thelowerbound , theupperbound , and
thecenter , if known. Additionally, a bookkeepingparametergivesanidentificationto eachformant,
suchthatthey canbeassociatedinto formant tracks.

With a formantrepresentation,thegeneralproblemsof findingandidentifying formantsexist. For unlabeled
data,the identificationwhich humpin thespectralenvelopeis really a formant,andif it’s thefirst, second,
etc,is far from beingtrivial.

The formantrepresentationis not stable,sincea slight ditch in thespectralenvelopecould suddenlycreate
a new formant. They arelocal, however, andflexibly andvery easilymanipulable.Synthesisis reasonably
fast,both for the frequency-domainandfor the time-domain.They arevery compactin storage,if a pure
formanticrepresentationis sufficient (or the lossin precisenessis bearable),but for mostcasesthey would
needaresidualspectralrepresentationto bestoredalongwith them.

For specifyingspectralenvelopesmanually, especiallyfor theprecisesynthesisof thevoice,formantrepre-
sentationsarebestsuited.



48 CHAPTER4. REPRESENTATION OF SPECTRALENVELOPES

4.6 High ResolutionMatching Pursuit

High ResolutionMatchingPursuit(HRMP) [GBM 96, GDR 96] is a methodto decomposea soundinto a
time–frequency representationthatkeepsboth the exact locationin time of the fasttransients(theattacks),
anda goodfrequency resolutionin the sustainedparts. This matchesthe perceptive capabilitiesof the ear.
Figure4.3showsanexample.

Figure4.3: Time–frequency decompositionof apianonotewith HRMPfrom [GBM 96]. It canbeseenthat
theattackaswell asthesustainedharmonicsarepreciselylocalized.Thestructureat theendis thereleaseof
thekey, causingthedamperto touchthepianocord.

Sinceit is a time–frequency analysis,HRMP is not appropriateassuchfor spectralenveloperepresentation,
which pertainsto oneinstancein time only, but it is aninterestingmethodworth a look. Theideais to usea
dictionaryof primitive time–frequency components,calledatoms,andto selecttheonesthat togetheryield
theclosestmatchwith thesignal.

To apply HRMP to spectralenveloperepresentation,it would be restrictedto the frequency domain. The
dictionarywould containcurve pieces,especiallyformantshapes.Unfortunatelythis methodwould not be
stable,sincevery differentatomscouldbeselectedfor small changes.It would be local, becausetheatoms
would have a small frequency support,andvery flexible to manipulate.Theeasynesswould dependon the
dictionaryused,aswould thespeedof synthesisandthespace.(If thestructuresgettoocomplex, significant
redundancy couldoccur.)

HRMP structureswould beverycomplicatedto specifymanually.

4.7 Summary and ChosenMethods

Table4.1shows a comparisonof therepresentationsintroducedin theprecedingsectionswith a score( ,
, o , , ) indicating the degreeto which they fulfill the requirementsfor representationsfrom

section4.1.

Themethodschosento be implementedarefilter coefficients,thespectralrepresentation,preciseandfuzzy
formants.Thefilter coefficientsarekeptbecausethey providethemostpreciseandaverycompactrepresen-
tation,they areclosestto thesourceandcanbeeasilyconvertedto thecanonicalrepresentation.Thespectral
representationis the mostgeneral,andwill be the canonicalrepresentation.The preciseformantsarenec-
essaryfor high quality singingvoicesynthesis.Thefuzzy formants,alongwith thespectralrepresentation,
will make it possibleto interpolateby formantshift betweenspectralenvelopein spectralrepresentationand
preciseformantrepresentation,aswill beexplainedin section5.1.2.
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Representation Stability Locality Flexibility/Ease Speedof Synthesis Space Manual
of Manipulation time-/freq-domain Input

Filter Coefficients / /
Spectral / o / o
Geometrical / o /
Formants / /
HRMP / o o / o o

Table 4.1: Comparisonandscoreof representationmethodsin regardof requirements



Chapter 5

Manipulation of SpectralEnvelopes

Thischapterdescribesthedifferenttypesof manipulationthatarepossiblewith spectralenvelopes.If notsaid
otherwise,it is assumedthat the spectralenvelopesarein the form of the canonicalspectralrepresentation
describedin section4.3.

Spectral Envelope Manipulation

Control Data

Spectral Envelope

Figure5.1: Generalmanipulationof spectralenvelopes

Interpolation

Control Data

Spectral Envelope

Spectral Envelope

Spectral Envelope

Figure 5.2: Interpolation,the most importanttype of manipulationof spectralenvelopes. The resulting
spectralenvelopewill beaweightedaverageof thetwo inputspectralenvelopes(termedtheoriginalspectral
envelopeandthetargetspectralenvelope).

Manipulationis at the heartof the creative process.It allows composersandmusiciansto surpasswhat is
givenin recordedsounds,eitherto createsoundswhich arefar from theoriginal, or to subtlymodify given
sounds,or to mix characteristicsof differentsounds.By manipulation,a spectralenvelopeis changedac-
cordingto someparameters,asdepictedin figure5.1. Themostimportanttypeof manipulation,interpolation
betweenspectralenvelopes,is describedin section5.1, manipulationschangingtheamplitudeof a spectral
envelopearecoveredin section5.2,othertypesof manipulationsin section5.3.

5.1 Inter polation

First of all it mustbe notedthat therearetwo differentmeaningsof the word interpolation. Onemeaning
refersto findingavalueof a functionthatis givenonly atdiscretepoints,whenthevalueis inbetweentwo of
thegivenpoints.With spectralenvelopes,weuseinterpolationin thissensewhenwewantto know thevalue
of theenvelope at anarbitraryfrequency , which is not oneof thegivenpointsof theenvelope.1 If
and arethetwo pointsclosestto , thenthe linear interpolation is:

(5.1)

1Of course,aspectralenvelopeis only definedbetween0 Hz andhalf thesamplingfrequency.
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which is thevalueof if thegivenpointsof theenvelopeareconsideredto beconnectedby line segments
(seefigure5.3).

f l f r
Frequency

v(f  )

v(f)

r

v(f  )l

f

Amplitude

Figure5.3: Linearinterpolationwithin aspectralenvelope

5.1.1 Inter polation betweenSpectralEnvelopes

Thesecondmeaningof interpolationis finding an intermediatestatein thegradualtransitionfrom onepa-
rametersetto another, in our casegoingfrom onespectralenvelopeto another. This interpolation between
envelopesis in facta weightedsum of thespectralenvelopes.It canalwaysbereducedto thefirst senseof
interpolation,in that we take the linearly interpolatedvalues and for eachfrequency of two
spectralenvelopesandinterpolatebetweenthemby an interpolation factor . If we will keepthe
original spectralenvelope , if we will receive thetargetspectralenvelope :

(5.2)

If we considerthat theenvelopescanbesampledeachat a differentsetof discretefrequency points and
, to actuallycomputetheinterpolatedspectralenvelopewe haveto build theunionof thefrequency points

andcomputetheinterpolatedvalueat eachpoint of .

5.1.2 Shifting Formants

When dealingwith the spectralenvelopeof speechor the singing voice, we want to respectthe formant
structureof theenvelope.Thismeansthatif wewantto interpolatebetweentwo spectralenvelopes,wedon’t
wanttheamplitudesateachfrequency interpolatedasin equation(5.2),but shift theformantsfrom theirplace
in theoriginal spectralenvelopeto thatin thetargetspectralenvelope.In fact,wewantto simulatetheeffect
of interpolatingthearticulatoryparametersof thevocaltract.Figure5.4explainsthedifferentapproaches.

Theprerequisitesfor shiftingformantsin thiswayareof coursethatweknow wheretheformantsarelocated,
andwhich formantin the original spectralenvelopeis associatedwith which formantin the targetspectral
envelope. The former is not at all obviousandis a questionof formantdetection.The latter is even more
difficult for anautomatedmethodwithout providing manualinput. It is a questionof labelingtheformants
of successive time framesto generateformanttracks.

Fortunately, for someapplications,we know a priori wherethe formantsshouldbe. For example,when
treatingthevoice in a piecewherethe lyrics areknown, like anopera.Thenit is known which vowelsare
sung,andthuswe canlook up theformantpositionsin theformanttablesfrom phoneticsliterature. In this
case,the spectralenveloperepresentationwould be augmentedby fuzzy formants,or a spectralenvelope
representationusingexactformantswill beprovided,asdescribedin section4.5.
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Spectral Envelope Interpolation Formant Parameter Interpolation

Figure5.4: Formantinterpolationversusformantshift: Theupperrow shows two spectralenvelopeswhose
singleformantsareto beinterpolated.In thelowerleft figureweseewhatwegetfrom thedirectinterpolation
of spectralenvelopes—whichis a weightedsumof the two curves,herewith an interpolationfactorof 0.5.
The original formantsare shown as dashedcurves. The lower right figure shows what we really want:
interpolatingtheparametersof theformants,resultingin a frequency shift.

5.1.3 Shifting Fuzzy Formants

The fuzzy formant representationof spectralenvelopeconsistsof an envelopein spectralrepresentation
plusseveral formantregionswith an index for identification. Giventwo spectralenvelopeswith two fuzzy
formantswith thesameindex, it is still not clearhow the intermediatespectralenvelopes,with theformant
onits wayfrom its positionin theoriginalenvelopeto thatin thetargetenvelope,areto begenerated.Several
questionsarise: How to fill the hole the formantleaveswhenit startsto move away? What to do with the
envelopein the placesthe formantmovesover? How shouldthe shapeof the formantchangebetweenthe
originalandthetargetshapes?

After an idea by Miller Puckette, it is possibleto interpolatean envelopein spectralrepresentationin a
way that formantsareshiftedexactly aswe want. The idea is to first integrateover the envelopes(in the
discretecase,this amountsto building thecumulativesumof thespectralenvelope),andthento horizontally
interpolatebetweenthe integrals. We retrieve the interpolatedformantby subsequentdifferentiationof the
result.

That the ideaworks canbe seenin figure 5.5. Formally, the methodcanbe describedlike this: Starting
from two spectralenvelopes and , consideredascontinuousfunctionsover , we
constructthecumulative integral functions and , andnormalize:

for (5.3)
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Formant 1 and Integral Formant 2 and Integral

Horizontal Interpolation of the Integrals Differentiation and original Formants

Figure 5.5: Interpolationof formantsby horizontalinterpolationof theintegral. All amplitudesarenormal-
ized. Theupperrow shows theintegrals(thecumulativesum)of thetwo formantsshown asdashedspectral
envelopes.Thelowerleft figureshowsthehorizontallinearinterpolationby afactorof 0.5of theinterpolated
integrals,drawn againasdashedlines.Takingthederivativeof theresultin thelower right figurerevealsthe
almostperfectlyshiftedformant.(Theoriginal formantsareshown againin dashedlinesfor clarity.)

With

(5.4)

beingthemaximumvaluesof . Thenwe invert thesefunctions

for and (5.5)

andinterpolateby weightedsumwith aninterpolationfactor to receive :

(5.6)

After inverting backto normalcoordinates

(5.7)

we differentiateto retrieve theinterpolatedspectralenvelope :

(5.8)
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Unfortunately, this worksonly for oneformantto beinterpolated,ascanbeseenin figure5.6. Nevertheless,
we cando betterif we have theinformationof formantregions,i.e. we know wherethetwo formantsto be
interpolatedlie in their respectivespectralenvelopes.In thiscase,wecanrestrictthetechniqueof horizontal
interpolationof the integral to the given formant regions,with an appropriatefade-inand fade-outof the
regionborders.

Formant 1 and Integral Formant 2 and Integral

Horizontal Interpolation of the Integrals Differentiation and original Formants

Figure5.6: Interpolationof two formantsby horizontalinterpolationof theintegral. Obviously, theresultin
thelower right graphdoesnot correspondto theinterpolationof theformantparameters.

5.1.4 Inter polation betweenPreciseFormants

If both of the two spectralenvelopesto be interpolatedare given as preciseformantswith their index ,
centerfrequency , amplitude , andbandwidth asparameters,interpolationbecomestrivial. Simply the
formantparametersneedto belinearly interpolated,usingequation(5.1)accordingly.

5.1.5 Summary of Formant Inter polation

Summingup the differentpossibilitiesof interpolationof spectralenvelopes,we canrecognizea hierarchy
in thespectralenveloperepresentationsin regardof formantinterpolation.Thehierarchyis, from highestto
lowest:

1. Preciseformants:canbeinterpolatedperfectly

2. Fuzzyformants:canbeinterpolatedreasonablywell

3. Spectralrepresentationof envelopes:cannot beinterpolatedrespectingformants
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With eachstepdown we losesomeinformationnecessaryfor formantinterpolation.We canconvert down-
wardsstepby step:

1. 2. Convert preciseformantsto fuzzy formantsby evaluatingthe spectralenvelopegiven by the
preciseformantsafter equation(4.1), andstoring it in spectralrepresentation,while calculatingthe
formantregionsfrom thepreciseformantparameters.

2. 3. Convert fuzzy formantsto spectralrepresentationby simply discardingtheformantregions.

We cannot,however, convertupwards,becausethatwouldmeanaddinginformation(by simplecalculations,
that is—of course,methodsto detectformantshapesin spectralenvelopesexist, but thesearethesubjectof
a field of researchof its own.)

This meansthat, whenspectralenvelopesin differentrepresentationshave to be interpolated,we can’t do
betterthangoing down to that representationof the two which is lowest in level, discardingthe formant
informationof thehigherone.

5.2 Amplitude Manipulations

An obvioustypeof manipulationof spectralenvelopesis amplitude manipulation. To describethatwhole
classof manipulations,we only needto definethe two basicoperationsof additionandmultiplication of
spectralenvelopes.This is straightforwardif we formally definea spectralenvelopeasa real function
with domain :

for all (5.9)

for all (5.10)

If thespectralenvelopeis in spectralrepresentation(section4.3), we get to the functionalinterpretationby
linearinterpolationasin equation(5.1). If it is in preciseformantrepresentation,wecanevaluatetheformant
function(equation(4.1))directly, if it is in filter coefficients,weconvert it to spectralrepresentation.

With theseoperations,we caneffect manipulationssuchasamplificationandattenuation,or spectraltilting,
asexplainedin thefollowing.

Amplification and attenuation
Amplificationandattenuationof spectralenvelopesis effectedby amultiplicationby afactorgreateror
lessthanone,respectively. Multiplication with afunctionoverfrequency (i.e. with aspectralenvelope)
insteadof a constantfactor, thusdoing fr equencyselective amplification or attenuation, essentially
amountsto applyinga filter to thespectralenvelope.

Tilting the spectrum
Theoverall slopeof thespectrumof a speechor instrumentsignalis calledspectral tilt . For speech,
it is amongothersresponsiblefor the prosodicfeatureof accent, in that a speaker modifiesthe tilt
(raisingtheslope)of thespectrumof a vowel, to put stresson a syllable[Dog95]. For instruments,it
canbedependenton dynamics,the relative forcewith which the instrumentis played.Spectraltilt is
measuredin decibelperoctave.

To applya givenspectraltilt to a spectralenvelope , we have to first normalizethetilt peroctave to
a tilt over thewholerangeof thespectralenvelopeup to (half thesamplingrate):

(5.11)

Then,theadditivedecibelvalue is convertedto amultiplicativeamplitudefactor :

(5.12)
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To effectthetilting of aspectralenvelope , wemultiply by arampspectralenvelope ramping
from 0 to :

tilt with (5.13)

(5.14)

5.3 Other Manipulations

The manipulationsnot coveredby the precedingsectionsconcernmainly manipulationsof the frequency
locationof partsof a spectralenvelope.Onepossibility I namedskewing is to selectively displacea partof
thespectralenvelopein frequency. In orderto avoid holes,theamountof displacement(thefrequency shift)
is fadedin andout by askew-function,asin figure5.7.

Frequency shift

0

n - m

l m u
Frequency Frequency

Frequency shift

0

n - m

l m u

Figure 5.7: The left figure shows the linear skew function, determiningthe frequency shift dependenton
frequency, while to theright, asmoothergaussianskewing functionis shown.

Four parametersspecifythe skewing: The lower andupperfrequencies and determinethe rangeof the
spectralenvelopeto be affected. The middle frequency will be moved to the new frequency , while
thespectralenvelopeleft andright from will beshiftedgraduallylessthefurther thedistanceto . The
resultof skewing with a linearskew function is shown in figure5.8. Many otherskew functionsandmore
parametersarepossible.
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Figure5.8: Manipulationby Skewing. Thespectralenvelope(of avoice)is skewed(displacedin frequency)
between and Hz, with the mid-point of skewing displacedfrom to

Hz. Outsidetherangefrom to , thespectralenvelopeis left untouched.



5.3. OTHERMANIPULATIONS 57

Otherpossiblefrequency manipulationsarea shift of thewholespectralenvelope , aswell ascompression
or dilatation by a transpositionfactor :

for all (5.15)



Chapter 6

SoundSynthesiswith SpectralEnvelopes

In the applicationof spectralenvelopesto soundsynthesis,a spectralenvelopecalled the modulator is
appliedto aninput soundto yield anoutputsound,accordingto someparameters,asshown in figure6.1. If
the input andoutputsoundarerepresentedassinusoidalpartials,thenadditive synthesisis to beappliedas
describedin section6.1. If thesoundsaregivenasa sampledsignal,filtering hasto beapplied,asexplained
in section6.2.

Input Sound Synthesis Output Sound

Control Data

Spectral Envelope

Figure6.1: Synthesiswith a modifying spectralenvelopecalledthemodulator

6.1 Additi veSynthesis

In the domainof additive synthesis(seesection2.2), applicationof spectralenvelopesconsistsof a simple
changeof theamplitudeof theinputpartials,while leaving their frequenciesuntouched.Thesimplestway is
to replacetheamplitudeof a partialat frequency with thevalueof theenvelope at that frequency. If
theinput partialsandthemodulatingspectralenvelopearefrom differentsounds,this is calledcrosssynthe-
sis, sinceit crossesthe characteristicsof two distinct sounds:thepartial structure(presenceandfrequency
location,or absenceof partialsandtheirdevelopmentin time)of theinputsound,andthemodulatingspectral
envelopeestimatedfrom theothersound.

Insteadof imposingthespectralenvelope,agradualmixturebetweenthespectralenvelopeof theinputsound
(givenby thepartialamplitudes),andanotherspectralenvelopeis possible.This is governedby a mix factor

, between0 for theoriginal and1 for the imposedspectralenvelope. If is theamplitudeof partial at
frequency , and thevalueof theenvelopeat thatfrequency, thenthenew amplitude is

(6.1)

Onestepfurther to flexibility is taken by consideringthe mix factorbeinga function dependentof
frequency. This way, e.g. only the high frequency part of the input soundcan be changedto adoptthe
spectralenvelopecharacteristicsof themodulator.

58



6.2. FILTERING 59

Note that this canbegeneralizedto spectralenvelopes and mix functions with their sum
, suchthattheproportionof theoriginal is :

(6.2)

If the envelopeisn’t representeddirectly but asfilter coefficients, thesehave to be convertedto the spec-
tral envelopefirst, asshown in chapter3 in equations(3.3) and(3.10) for LPC andcepstrumcoefficients,
respectively.

6.2 Filtering

If thesoundto bechangedis not representedby partialsbut comesasa time-domainsignal,themodulating
spectralenvelopehasto be convertedto a filter that is to be appliedto the signal. Therearealways two
possibilitieshow to actuallycarryout thefiltering:

In the time-domain,the signal is convolved with the impulseresponse of the filter to yield the
changedsignal :

(6.3)

In thefrequency-domain,theFouriertransform of thesignal ismultipliedwith thetransferfunction
of thefilter to yield theFouriertransform of thechangedsignal:

(6.4)

will beconvertedto a time-domainsignal by inverseFouriertransform.

In fact, the filter transferfunction is exactly the curve of the spectralenvelopein the frequency–
amplitudeplane.

How to calculateeitheroneof the forms of the filter will be describedin the following, for eachpossible
representationof thespectralenvelope.

Spectral representation
If the spectralenvelopeis in canonicalrepresentationdirectly asa curve in the frequency–amplitude
domain,thefrequency-domainfilter is givenstraightforwardby theevaluationof thespectralenvelope

at thefrequencies , whicharethefrequency binsusedfor filtering::

(6.5)

Thetime-domainfilter is theinverseFouriertransformof thefrequency-domainfilter:

(6.6)

This time-domainfilter will in generalbemorecostly to applythana time-domainfilter derivedfrom
filter coefficientsasshown below, sincethe impulseresponsecanbeaslong asthenumberof bins in

.
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Cepstral coefficients
If the spectralenvelopeis representedascepstralcoefficients , for frequency-domainfiltering, we
have to reconstructthe spectralenvelope,which definesthe transferfunction of , by inversingthe
operationscarriedout in cepstrumestimation(section3.3):

(6.7)

Which is equivalentto anevaluationof this formulaat thedesiredfrequency bins :1

(6.8)

For time-domainfiltering, theimpulseresponse is computedby theinverseFouriertransformof the
transferfunction :

(6.9)

LPC-coefficients
Thepredictorcoefficients arewell suitedto frequency-domainfiltering. They describethe
analysisfilter , which is inverseof thetransferfunction , correctedby a gainfactor :

(6.10)

Thetime-domainfilter couldbederivedasusualby equation(6.6),however, it follows from theprop-
ertiesof LPC-estimation(section3.2) thatwe canusethepredictorcoefficientsdirectly:

(6.11)

What’s more,by usingthereflectioncoefficients , we canapplythemuchmoreefficient filter struc-
tureof a lattice filter , andcanimplementthefilter directly asshown in figure6.2.

Figure6.2: Latticetime-domainfilter structure(from [Rob98]). Thesamplesof theentrysignal passvia
a network of summationstages( ), multiplicationby thereflectioncoefficients , anddelayunits to
yield thefilteredsignal

1In general,theFourierspectrumis complex. Thecepstrum,however, is evaluatedfromthemagnitudespectrumwhichis theabsolute
valueof thespectrum.Therefore,therecreationof thespectrumhasno imaginarypart.



Chapter 7

Implementation

This chapterdescribesthe implementationof the methodsfor spectralenvelopeestimation,representation,
manipulation,andapplicationto synthesisdocumentedin the previous chapters.The implementationpro-
ceededin two steps:First, thespectralenvelopeandsignalviewing programVIEWENV wasdevelopedin the
MATLAB programminglanguage.It allows for prototyping,interactive testing,andevaluationof the algo-
rithmsfor spectralenvelopeestimationandmanipulation.Thearchitectureandtheusageof the VIEWENV

programis describedin appendixA.

Then, the spectralenvelopefunction library wasdevelopedwhich combinesthe methodsevaluatedin the
project,andmakesthemaccessibleto otherprograms.Theprinciplesof softwareengineeringwereapplied
to thedevelopmentprocess.

Thischapteris organisedasfollows:

First, somebasicconceptsof softwareengineeringare introducedin section7.1, andthe notationusedto
documentthe designof the library andalsoof the VIEWENV programis explainedin section7.2. Then,
somegeneralconsiderationsfor thedesignandtheimplementationof thelibrary arelayedout in section7.3,
followedby thedocumentationof thedesignitself in section7.4. Finally, thenew SDIF file typesusedfor
permanentstorageof spectralenvelopesis describedin section7.5.

7.1 SomeWords about SoftwareEngineering

The centraltaskof softwareengineeringis to understandthe software development process, to describe
it, andto develop meansof supportingit. Thesemeanscomprisemethods,(specification)languages,and
tools.Someof themsupportsinglephases(seebelow) while otherssupportthewholeprocess.However, the
integrationof thesemeansis still partlyunsolved.

Thesoftwaredevelopmentprocesscoversthewholesoftware lifecycle, comprisingthetime from thedevel-
opmentof softwareover thesuccessivemaintenanceup to thepointwherethesoftwareisn’t usedanymore.

Maintenance

Analysis

Design

Implementation

Testing

Figure7.1: Theclassicwaterfall modelof softwaredevelopment
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Oneof theearliestprocessmodelsfor thesoftwaredevelopmentprocessis thewaterfall model [GJM91].
This modeldistinguishesthe phasesof analysis,design,implementation,testing,andmaintenance.It has
two importantdrawbackswhich softwareengineershavebeentrying to improvesincethen.First, themodel
supportsonly a unidirectionalview of the softwaredevelopmentprocess,even thoughit hassoonbecome
clearthat this is far from beingrealistic. To thecontrary, the phasesarenot completedoneafter the other,
but therearerecursionsfrom later phasesbackto earlierphases.This problemhasbeenaddressedby the
extendedwaterfall model (figure 7.2) which usesloopsbackfrom a phaseto the predecessorphase. In
reality, however, therearerecursionsbackfrom any phaseto all of its predecessorphases.

Maintenance

Analysis

Design

Implementation

Testing

Figure7.2: Theextendedwaterfall modelof softwaredevelopmentwith recursionsto previousphases

A seconddrawbackis the separationof a naturallycontinuousprocessin discretephases.This separation,
however, is ratherto be seenasa logical one,which helpsto organisethe efforts, thanasa suggestionto
actuallyproceedwith the developmentof softwarefollowing thesestepsoneafter the other. Onepossible
attemptto tacklethis secondproblem,choosinga finer granularity, will not overcomethemainproblemof
discretizationof acontinuousprocess.

It is clearthat,in orderto overcomethesedrawbacks,anexplicit modelingof directionalityposesproblems,
and, if all possibledirectionsare described,the model will becomevery tangled. Thereare approaches,
however, which do try to avoid theseproblems. They do not emphasizethe processitself, but they try to
identify theworking areas.That is, thephaseswhich wererelatedto a fixedpoint in time in theprocessare
now discoupledfrom thetime line andrathertheir intentionalaspectsareconsidered.

Oneof theseapproaches,theworking areamodel [Nag90], identifiestheareasof requirementsengineering
(RE), formerlyanalysis,programming in the large(PiL), formerlydesign,andprogramming in the small
(PiS), formerly implementation. Testingand maintenancedisappearas distinct phasesfor the following
reasons:Testing is necessaryin eachareaand also acrossthese,to ensureconsistency. Maintenanceis
considerednot to bea separatearea,but in factis comprisedof activities from theexistingareas.

PiS

Project Management Quality Assurance

Documentation

RE

PiL

Figure7.3: Theworkingareamodelof softwaredevelopment

Moreover, to adequatelydescribethecontext of thesoftwaredevelopmentprocess,additionalworking areas
havebeenidentified,whichhaven’t beendealtwith adequatelyupto know. Theseareasareproject manage-
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ment (which comprisesversion control aswell), documentation, andquality assurance. Thesesocalled
nontechnicalareasinteractwith all of theabove introducedtechnicalareas,asshown in figure7.3.

7.2 The Ar chitecture Notation

The architecture of a software systemis definedasits staticstructure,regardingpackages,modules,and
classesandtherelationshipsamongthem.In thesoftwaredevelopmentprocess,thearchitectureis theoutput
of thedesignphase(Programmingin thelarge),andis thespecificationfor theimplementation(Programming
in thesmall).

Thebestway to specifythe architectureof softwaresystemis to usea graphicalnotationwhich shows the
relationsbetweenthenumerousunitsof thesystem.Therearevariousstandardizednotations,suchasOMT
(Object Modeling Technique) after Rumbaugh[RBP 91], the Booch Method [Boo94], and the Jacobson
method[Jac95], whichhave recentlymergedinto UML (UniversalModelingLanguage) [Sof97].

Shortcomingsof Existing Notations

Whenexaminingtheapplicabilityof thesemodelinglanguagesto analysisanddesignof thespectralenvelope
library andtheVIEWENV program,severalshortcomingsareapparent:

Exceptfor the now defunctOMT, thesenotationshave no meansof specifyingdataflow structures,
but arespecializedin describingobject-orientedanalysisanddesign.However, thespectralenvelope
library to bedevelopedconsistsmainlyof purelyfunctionaldatatransformingmodules,wheremaking
thedataflowsexplicit lendsa verygoodinsightinto thestructureof thesystem.

It is advantageousto keepthedistictionbetweenabstractdatatypesandfunctionalmoduleclasses.In
theabovenotations,principallyall classeslook thesame.Thereareoptionsto specifyrolesof classes,
or to useadornmentsto expresstypesof classes,but for the spectralenvelopelibrary, the distinction
betweendataclassesandfunctionalmodulesis so importantthat it shouldbe obvious on first sight.
What’s more,thediagramscanbekeptsimpleandeasierto understand.

The object-orientedVIEWENV programwould be amenableto oneof the above standardnotations
while someotherstandardnotationcould be usedfor the mainly transformationalspectralenvelope
library. However, this wouldunderminetheconsistency throughoutthis document.

As the library is written in non-object-orientedC, it is unavoidablethat the descriptionof the archi-
tecturefor theimplementationwill at somelevel of detailnot matchthestructureof theimplemented
codeanymore.That is, thenotationfor thearchitecturedoesnot have to provide for meansof adding
moredetailedinformation,it canbekeptcleanandsimple.

The Adapted Notation

For thesereasons,I decidedto useanadaptednotationwhichisverycloseto thestandardnotationsmentioned
above. It hastwo typesof classes(dataclassesandfunctionalmoduleclasses),two relationsbetweenclasses
of thesametype(theinheritancerelationandthe“uses”relation),anddataflowsbetweenfunctionalmodules
which aretypedby adataclass.

Derived Class

Writer Class Reader Class

Data Class

Base Class

Figure7.4: Inheritancerelationbetweenfunctionalmoduleclasses(left), anddataflow betweenareaderand
a writer functionalmodule(right)

Figure7.4shows theinheritancerelationbetweenfunctionalclassesanda dataflow (alwaysvia aninterme-
diatedataclasswhich specifiesthetypeof thedataflow). Figure7.5shows theinheritancerelationbetween
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Target DataSource Data

Derived Class Transformer Class

Base Class

Figure7.5: Inheritancerelationbetweendataclasses(left), anddataflow throughafunctionalmodule(right)

Using Data Class

Used Class Used Data Class

Using Class

Figure7.6: Usagerelationfor functionalmoduleclasses(left), anddataclasses(right)

dataclassesanddataflow which is transformedby a functionalclass.Figure7.6, finally, demonstratesthe
usagerelationshipwhichexpresseseithera referencebeingheldby theusingclassor anaggregation,i.e. the
usingclassactuallycontainsanobjectof theusedclass.1

Note that thedataflows in thediagramsareon classlevel, not on object level. That is, e.g. thediagramin
figure7.11,page68,doesnotsaythattherearethreeSoundDataobjects(Partials,Spectrum,Signal) thatare
eventuallycombinedinto oneSampledSpectral Env object,but it doessimply show thepossibledataflows
betweentheclasses.

7.3 GeneralConsiderationsfor Library Development

For thespecialcaseof a library, someof thedesigngoalsfor softwareareparticularlyimportant.Theseare:

Flexibility

Expandability

Practicality(easeof use)

Re-usability

Sincere-useis thevery reasonfor existenceof a library, someprinciplesof re-usewill begivenin thenext
section,andhow thespectralenvelopelibrary fulfills these.

7.3.1 Principles of Re-use

After [Utt93], softwareis reusableif:

1. It works.
This is assuredby adoptingthetestingmechanismdescribedin section7.3.2.

2. It is comprehensible.
This is caredfor by thedocumentationof thearchitectureandthefunctions,andby a clearstructure.

1For thedesignof acomplex softwaresystemit is importantto expressthedecisionbetweenareferenceandcontainment,especially
becauseit makesastatementaboutliftimes of objects.In ourcase,however, wherethesystemis ratherabatchsystemwith a linearflow
of information,it is advantageousto abstractfrom thatdecisionfor reasonof simplicity.
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3. It can co-existwith other software.
This point is accomplishedin our casemainly in regardof compilationby usingANSI-C asa pro-
gramminglanguage,and not C++, sincewe want to keepcompatibility with systemsthat are not
object-oriented.Anothereffort is keepingthename-spaceproperby usingtheprefix se for all glob-
ally visible entities. In regardof functionality, the interfacesareclearandsimple,andthe usageof
systemressources(memory, CPU)is moderate.

4. It is supported.
This is a political questionI cannot commenton.

5. It is economical.
Softwareis economical,whenits usebringsmorebenefitthanthe effort of settingit up or writing it
oneself.

6. It is available.
Within IRCAM, this is assured,outside,seepoint4.

7. It hasbeenre-used.
Thesignificanceof this point is thatonly in thefirst re-usesthelast incompatibilitiesanderrorsshow
up. Thespectralenvelopelibrary hasbeenre-usedoncesofar (seesection8.6),but moreapplications
arenecessary.

7.3.2 Testing

An automatedtestingmechanismhasbeenadoptedfor thedevelopmentof thespectralenvelopelibrary which
will beoutlinedin this section:

All thefunctionsof thelibrary arealsoaccessiblefrom command-lineprograms.Theseprogramscanberun
from atestscript,defininganumberof testcaseswith their inputdataandprogramparameters.Thegenerated
outputdatawill beautomaticallycomparedto storedreferencedata,which hasbeencheckedmanuallyfor
validity. Thetestcasesandthereferencedataareof courseunderversioncontrol.

It hasto be taken carethat the test casescover all possiblecontrol pathsin the program,especiallythe
“unexpected”casesof errorhandlingcodeandthelike.

7.3.3 Err or Handling in a Library

Although it is rathera questionof implementation,somethoughtswill be given to the error handlingin a
library in general,afterwhich themechanismadoptedin thespectralenvelopelibrary will beexplained.

Errorhandlingin a functionlibrary is alwaysadifficult point. Ideally, all errorswill bedetectedandhandled
in thelibrary, if possible.If not, they will bepassedto thecalling program.In any case,a library mustnever
call thesystemfunctionsexit() or abort() andthusstoptheprocessif any unexpectedsituationoccurs,
becauseit is up to the caller to decidewhat to do in suchcases,not up to the library. Who knows, maybe
the calling programhasa methodto handlethe error andcanrecover from it. What’s more,detectingthe
causeof anerroris mademoredifficult, whensuddenlytheprogramstopsin somelow level library function,
without knowing whenandby whomit wascalled.(Example:Comparetheusefulnessof theerrormessage
“error reading4 bytes”with “error readingfile header”.)

In anenvironmentwithout exceptionhandlingsuchasANSI-C, however, this behaviour of passingon error
conditionsrequiressomedisciplineon thesideof theuserof thelibrary. It is mandatorythatall returncodes
of library functionsarecheckedfor their status,sincetheremayhave beenanerrorafterwhich theprogram
cannot continue.

In thespectralenvelopelibrary, theerrorbehaviour is controlledby thefunctionseSetErrorBehaviour
which cantake a memberof the enumerationtype seErrorBehaviour asparameter. If the bit seE-
bAbort is setin theparameter, thelibrary aborts(andcoredumps)onany error2. If theseEbPrint is set,

2Becausethe disciplinerequiredto checkall returncodesmay causeproblemsto unexperienceprogrammersandis not adequate
for a quick testprogram,whereyou don’t want to write anerrorcheckfor every secondstatement,thereis alsothis optionto have the
library abortonerror, althoughit is notagoodbehaviour for a library in general.
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anerrormessageis printedontheconsole(standarderror). If theseEbLog is set,adetailederrormessageis
alsowrittento a log file. Variouspredefinedcombinationsof theerrorbehaviour flagsexist: seEbFull , the
default, hasall threeflagsset;seEbNorm is thenormalbehaviour for well-behavedprograms,andmeans:
continueon error, but print andlog theerrormessage(seEbLog | seEbPrint ).

7.4 The Developmentof the SpectralEnvelopeLibrary

This sectiondescribeshow the spectralenvelopelibrary wasdeveloped. First, the architecturewill be de-
scribedasthecentraldesigndocumentationin 7.4.1.Then,a few wordswill besaidabouthow we got there
from analysis,andsomemorewordsabouthow we’regoingfrom thereto implementationin 7.4.2.

7.4.1 The Ar chitecture

The architectureof the spectralenvelopelibrary is describedusingthe notationintroducedin section7.2.
Thetop-level dataflow diagramin figure7.7showsthedifferenttransformationsbetweensounddataandthe
spectralenveloperepresentation.Subsequently, the dataandfunctionalclasseswill be furtherdecomposed
into subclasses.An additionaldataclassControl Data, which providesinput to every functionalclass,is left
out for thesake of lisibility .

Thetwo maindataclasses,SoundData andSpectral Envelope, therepresentationclass,andtheir subclasses
areshown in figures7.8and7.9,respectively.

The diagramsin figures7.10 to 7.15show the functionalclassesEstimation, Synthesis, and Interpolation.
They are groupedin pairs of two. The first diagramof eachpair shows the subclassesof the respective
functionalclass.Theseconddiagramof eachpair shows the input andoutputdataflows of the subclasses.
(Thedataflows of thebaseclassesareall shown in thetop-level diagramin figure7.7.)

7.4.2 Going fr om Analysis to Implementation

Thearchitecturediagramsin figures7.7to 7.15specifythedesignof thespectralenvelopelibrary. However,
they aredirectly derivedfrom theanalysisof therequirementsfor the library. In fact, thediagramsthatare
theoutputof theanalysisphase(therequirementsengineering)look thesame,exceptthatsomedetailslike
usage-relationshipsaremissing.This is thereasonthattheanalysisphaseis not explicitly documented.This
supportsthe claim, by the way, that the adaptednotationis indeeduseful,becauseit offers a transparent
transitionfrom theanalysisof thesoftwaresystemto its design.

In going from designto implementation,however, it is impossibleto make a transparenttransition,since
therewe reachtheboundaryof theobject-orientedparadigm.While in analysisanddesign,it wasstill pos-
sible to describetheworld asconsistingof interactingobjects,eachpertainingto oneof severalclasses,in
our implementationin non-object-orientedC, we have to talk aboutfunctions,modules,anddatastructures.
Becausewe can’t transfertheobject-orientedparadigmcompletelyto implementation,somedesirableprop-
ertiesof object-orientedprogrammingwill not hold. Specifically, the aspectsof encapsulation,inheritance
andtype-polymorphismwill belost,asexplainedin thefollowing:

Encapsulation

The C-structuresthat will be usedinsteadof classesoffer no compiler-enforcedprotectionmechanismre-
gardingthe accessto the datafields. However, for the dataclassesexplainedbelow, accessfunctions can
beprovided,thatsetthevalueof onedatafield, or returnits value. If theuserof the library by convention
usestheseaccessfunctions,sufficientencapsulationbetweentheinterfaceandtheimplementationof thedata
structuresis provided.This meansthat,for examplein thecasetheinternaldatastructureschange,thecode
usingthesestructureswill not have to bechanged.
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Interpolation Manipulation Conversion

Estimation

Sound Data

Synthesis

Spectral Envelope

Figure7.7: Top level dataflow diagramof thebaseclassesof thespectralenvelopelibrary. Thebaseclasses
will berefinedin thesubsequentdiagrams.

Sound Data

Spectrum SignalPartials

Peak Picking FFT

Figure7.8: TheSoundData class,andits differentsubclasses,with thetransformationsbetweenthem

Conversion

Formants Fuzzy Formants

Sampled Spectral Env

Cepstral Coefficients

LPC Coefficients

Prediction Coefficients Reflection Coefficients

Spectral Envelope

Figure 7.9: TherepresentationdataclassSpectral Envelopeandits subclasses,thedifferentrepresentations
of spectralenvelopes. The Conversion functional classdoesall conversionsfrom one spectralenvelope
representationin anotherandis not furtherrefined.
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Cepstrum LPC AnalysisDiscrete Cepstrum

Estimation

Figure 7.10: TheEstimationclassandits subclasses,the implementedmethodsfor spectralenvelopeesti-
mation

Cepstral Coefficients LPC Coefficients

Conversion

Sampled Spectral Env

Discrete Cepstrum Cepstrum LPC Analysis

Partials Spectrum Signal

Figure 7.11: Thesubclassesof theEstimationfunctionalclasswith their SoundData input dataflows and
Spectral Envelopeoutputdataflows.

Filtering

Frequency-Domain Time-Domain

Additive

Synthesis

Figure 7.12: The Synthesisfunctional classand its subclasses,the different methodsfor synthesiswith
spectralenvelopes
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Filtering

Frequency-Domain Time-Domain

Partials Spectrum Signal

Additive

Spectral EnvelopeSpectral Envelope

Figure 7.13: The subclassesof the Synthesisfunctionalclasswith their input/outputdataclasses(the sub-
classesof SoundDataanda spectralenvelopeasthedataclassSpectral Envelope)

Interpolation

Fuzzy InterpolationEnv Interpolation Precise Interpolation

Formant Interpolation

Figure 7.14: The Interpolationfunctionalclassandits subclasses,themethodsfor interpolationof spectral
envelopes.FormantInterpolationis aseparatebaseclassbecausethematchingof formantindicesis handled
there.

Fuzzy Interpolation

Conversion

Fuzzy Formants

Conversion

Sampled Spectral Env

Env Interpolation Precise Interpolation

Precise Formants

Figure 7.15: The subclassesof the Interpolation functionalclasswith their input/outputdataclasses(the
subclassesof Spectral Envelope). As canbe seen,conversioncanonly be donein the directionto the less
structuredrepresentation.
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Inheritance

Theinheritancerelations(alsocalledsubtypeor generalization/specializationrelations)usedin theanalysis
anddesignwill not bevisible in the implementation.Instead,theclasseswill bemappedto C-structuresas
shown in section7.4.3.

Polymorphism

Polymorphismis closelylinkedto inheritanceandmeanstheaccessto a certainfunctionalitythatappliesto
all subclassesof a baseclassby onemethodname.This namemapsto theappropriatemethod3 of theactual
subclass.

Polymorphismcould be mimicked in C by storingpointersto memberfunctionswith eachobject. Apart
from the complexity andusageof spaceof that procedure,type polymorphismis, on closerscrutiny, not
reallynecessaryfor thespectralenvelopelibrary. This is becausethenumberof genericfunctions(e.g.save)
which have to be appliedto all subtypesof onegeneraltype arefairly few. Instead,specializedfunctions
for the classesexist. For example,the threedifferentsubclassesof sounddata(Signal,Spectrum,Partials)
areprocessedby threedifferentestimationmethods(LPC Analysis,Cepstrum,DiscreteCepstrum) to yield
two different output datatypes(LPC Coefficients,Cepstral Coefficients). I.e. the dataflows on parallel
“tracks” thatrarelycross.In anothercase,formantinterpolation,it is necessaryto know theactualsubtypeof
spectralenveloperepresentation(SampledSpectral Envelope, PreciseFormants,FuzzyFormants) to choose
thespecializedmethodto performtheformantshift (seesection5.1.2).Therefore,it is advantageousto keep
thesubtypeinformationexplicit in thecodeandnot generalizeto a superclass.

7.4.3 Example of a Data Structure: The SpectralEnvelopeClass

As an exampleof the implementationof the dataclasses,the definition of the structuresfor the Spectral
Envelopeclass,from theclassdiagramin figure7.9,aregivenbelow:

Thesampledspectralenvelope,or spectralrepresentation,is:

typedef struct
{

float maxfreq; /* upper border of env (maxfreq = sampling rate/2) */
int numenv; /* number of points in envelope */
float *env; /* numenv spectral envelope amplitude values */

float fstep; /* size of bin in env (fstep = sr / numenv) */
seScale scale; /* frequency scale for storage */
float breakfreq; /* break frequency for log scale */

} seSpecEnv;

WhereseScale givesthetypeof thescalingandis definedas:

typedef enum { seScLinear, seScLog, seScNum } seScale;

For thespectralenveloperepresentationaspreciseformants,we usea list of structuresfor formants,anda
residualspectralenvelope,which representsall componentsthatarenot of theshapeof a formant:

typedef struct
{

float centerfreq; /* precise formant parameters */
float amplitude;
float bandwidth;

} seFormant;

3A methodis amemberfunction, i.e. afunctionthatis amemberof aclassandcanthereforebecalledonly for anobjectof thatclass
andits subclasses.
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typedef struct
{

int numformants; /* number of precise formants */
seFormant *formants; /* numformants precise formants */
seSpecEnv residual; /* residual spectral envelope */

} sePreciseFormants;

For thefuzzy formantrepresentation,weusea list of formantregionswithin a sampledspectralenvelope:

typedef struct
{

float lower; /* region boundary frequencies (Hz) */
float center;
float upper;
float salience; /* how sure we are it is a formant */

} seRegion;

typedef struct
{

int numformants; /* number of precise formants */
seRegion *formants; /* numformants precise formants */
seSpecEnv specenv; /* spectral envelope */

} sePreciseFormants;

7.5 The SpectralEnvelopeFile Format

The file representationof spectralenvelopesis basedon SDIF (SoundData Interchange Format) [Vir98].
This sectiongivesa brief overview of theSDIF format, followedby a presentationof the typesthatwill be
addedto the format for spectralenvelopes.Thefinal definition is subjectto changebecauseit is still being
discussedwith CNMAT, IRCAM’s partnerin theSDIF project.

An SDIF-file is organisedin chunks. It startswith anopeningchunkcontainingtheheader, followedby some
optionalchunksgiving file-globaluser-defineddatain field-name/valuepairs.ThesearecalledName-Value
Tables(NVTs). Thebodyof thefile is a contiguoussequenceof time-taggedframes(which arethemselves
chunks),sortedin ascendingtemporalorder, with multiplekindsof framesallowedin asinglefile or stream.
A library of standardframetypesdefinesformatsfor storingcommonsoundrepresentationsthatarepartof
the SDIF standard.The datain a framearestoredin matrices(or vectors)of floating point numbers,with
eachcolumncorrespondingto a parameterlike frequency or amplitudeandeachrow representinganobject
likea filter, sinusoid,or noiseband.

SDIFallows thedefinitionof new frameandmatrix types,evenin afile. For this end,asmalldata-definition
languagehasbeendefined.Thenew typesnecessaryfor spectralenvelopesarenow givenin this format,for
eachof therepresentations.

Spectral (Sampled)Envelopes

Thefollowing statementsdefinethematrix andframetypesfor thesamplesspectralenveloperepresentation
(seesection4.3):

1MTD 1ENV { amplitude }
1MTD 1ENI { SamplingRate, FrequencyScale, FrequencyScaleParameter }
1FTD 1ENV {

1ENI envelope-info;
1ENV envelope;

}
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Thecodes1MTDdefinestwo matrixtypes.Thefirst,1ENV, holdsonecolumnand rowsof amplitudevalues
for thebinsof thespectralenvelopeatfrequency (for thelinearcase).Thesecond,1ENI , (where

ENI standsfor envelopeinformation),holdsthesamplingrate,frequency scale(linearor logarithmic),and
thebreakpointparameterfor thecaseof logarithmicfrequency scale.

1FTDdefinesaframetypealsocalled1ENV, whichcontainsonematrixof type1ENVandoneof type1ENI .
Theframeandmatrixtypeshavedistinctnamespacesandcanbearthesamename.Theleading1 is aversion
indicator. Whenaframeandmatrixtypesis expandedby moredataitems,theversionindicatorwill augment.

Thesevaluesin 1ENI arealsogivenin thename-valuetableat thebeginningof thefile, but in orderto keep
the file applicablefor streaming(wherethe headermight have beenmissedby a reader),they arerepeated
with eachframe.

Filter Coefficients

Thefollowing statementsdefinethematrix andframetypesfor theLPC andcepstrumfilter coefficients(see
section4.2):

1MTD 1ARA { a }
1FTD 1ARA {

1ENI envelope-info;
1ARA AR-coefs;

}

1MTD 1ARK { k }
1FTD 1ARK {

1ENI envelope-info;
1ARK AR-coefs;

}

1MTD 1CEC { c }
1FTD 1CEC {

1ENI envelope-info;
1CEC cepstral-coefs;

}

Thenumber of rowsof eachcoefficientmatrix1ARA, 1ARK, or 1CECis theorderof theLPC,or cepstrum.

Alter nativeDefinition

At the moment,the methoddescribedabove hasbeenadopted.Nevertheless,it hasthe disadvantagethat
definingthe4 frame/matrixtypesaboveclutterstheSDIF namespacewith structurallyidenticalandseman-
tically verysimilar types.Alternatively, onecouldimagineasingleframetypewith aninfo matrixandadata
matrix, theinfo matrixgiving thetypeof thedataandall parametersnecessaryto interpretthem:

1MTD 1FIF { CoefficientType, SamplingRate,
FrequencyScale, FrequencyScaleParameter }

1MTD 1FCF { coefficients }
1FTD 1FCF {

1FIF filter-info;
1FCF coefficients;

}

Thedisadvantageof this methodis thattheactualtypeof thedatais hiddenin a floatingpoint field, evenfor
somethingasunambiguousasLPC coefficients.What’s more,this methodrepeatsthetyping mechanismof
SDIF, but losingtheclarity of the4-lettertypesignatures.
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Formant Description

For the representationof a spectralenvelopeasformants(seesection4.5), we needtwo types:precisefor-
mantsandfuzzy regions,wherea formantis suspected.Thepreciseformantswould bedefinedby:

1MTD 1FRM { frequency, bandwidth, amplitude, label }
1FTD 1FRM { 1FRM formants; }

Thefuzzy formantswouldbeacombinationof anenvelope1ENVanda formantregion1FRR:

1MTD 1FRR { lowerfrequency, upperfrequency, centerfrequency,
confidence, label}

1FTD 1FRR {
1ENI envelope-info;
1ENV envelope;
1FRR formant-regions;

}

If the centerfrequency is not known, the columncould be missingor a valueof could be given. The
labelscanbeusedto identify andtrackformants,necessaryfor interpolation,theconfidenceparametergives
a hint of thehow sureit is thatthereis a formantin thatregion.



Chapter 8

Applications

Thischapterdescribessomeapplicationsof thespectralenvelopemethodsandtoolsdevelopedin thisproject.
It coversboth alreadyexisting applicationsandpossibleapplications.Thesearegroupedinto applications
aroundadditive analysis–synthesis(section8.1), synthesisof thesingingvoice(section8.2),enhancements
of the DIPHONE program(section8.3), applicationsto real-timesynthesisandsignalprocessing(section
8.4),conversionbetweenspectralenvelopesandimages(section8.5),andapplicationin voicesynthesisby
rule (section8.6).

8.1 Controlling Additi veSynthesis

Additive analysis–synthesisis a powerful way to completelyparameterizea soundevent into sinusoidal
partialswith their frequencies,amplitudes,andphases.This benefitis alsoits curse: It putsevery minute
detail of a soundevent at our disposal,but leavesus with the taskto control andmanipulatethis massof
parametersin asensibleway. Sofar, controlis doneby specifyingthechangeof everysingleparameterover
timeby breakpoint functions(seesection4.4).Sincethenumberof partialscaneasilyriseinto thehundreds,
modificationsaretedious. Moreover, doing valid manipulationsin regardof signalprocessingandfrom a
musicalperspective is not obvious,and,what’s more,theparametersareinterdependent(e.g. changingthe
frequency of the partialschangesthe spectralenvelope,oftenwith undesirableresults,asshown in section
2.3.1).

In [FRD92] it is suggestedto usespectralenvelopesto control the amplitudesof the partialsfor resynthe-
sis. This drasticallyreducesthe numberof parameters,providesus with parametersetswhich areeasily
understandable(e.g.formants),andrendersfrequency andamplitudecontrolindependentfrom eachother.

Also, for theresidualnoise,themodelingby filtering of awhitenoisewith spectralenvelopes(estimatedwith
linear prediction)rendersthis componentof soundaccessibleto manipulation.This hasnot beenpossible
beforein thesampledsignalrepresentationof theresidual.

The mostsignificantadvantage,however, lies in the unified handlingof noiseandharmonicpart, because
the spectralenvelopeof the residualnoiseis representedin the sameway as the spectralenvelopeof the
sinusoidalpart. Therefore,thevery samemanipulationcanaffect bothpartssynchronously, if this is desired
[RDG95].

8.2 Synthesisof the SingingVoice

Oneof theprimaryapplicationsof thespectralenvelopehandlingdevelopedin thisprojectis thehighquality
synthesisof thesingingvoice. In theadditivesynthesisparadigm,synthesisis aresynthesisof thepreviously
analysedandmodifiedvoice. To effect themodificationsin a sensiblemanner, theconstraintsposedby the
speechorganshave to betakeninto account.

For example,as demonstratedin section2.3.1, transpositionof the voice quickly soundsvery unnatural
whenthespectralenvelopesarenot corrected,becausethey reflecttheconfiguration,especiallythe length,

74
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of thevocal tract. To avoid this, thetranspositionprogramwhich is partof thespectralenvelopelibrary has
the possibility to automaticallyestimatethe spectralenvelopeof the original soundandreconstituteit by
applyingit to thetransposedsound.

Also, many aspectsof theexpressivity of thesingingvoice(aswell asprosodyin speech—seesection5.2)
dependon thespectralenvelope,i.e. on timbral variations,ratherthanonpitch andamplitudealone.

With the methodsof interpolationbetweenspectralenvelopesand formants,a new type of high quality
additive synthesisof voice is possible. To preserve the rapid changesin transients(e.g. plosives), and
thenon-formantshapednoisespectralenvelopesin fricatives,thesearebestsynthesisedwith theharmonic
sinusoids+ noisemodel,controlledby envelopesin spectralrepresentation.For preciseformantlocationsin
thesteadypartof vowels,theformantrepresentationof spectralenvelopescanbespecified.

8.3 Integration in Diphone

It is plannedthatthespectralenvelopelibrary is portedto theAppleMacintoshsystem,allowing theintegra-
tion of spectralenvelopemanipulationin the DIPHONE program. This will be in the form of an extension
of theadditive synthesisplugin, suchthat themanipulationsof spectralenvelopesthatarepossiblewith the
library, will becontrolledby theintuitivegraphicaluserinterfaceof DIPHONE.

What’s more,spectralenvelopesallow for theconvenientmodelingandmanipulationof the residualnoise,
which couldbemadeaccessibleto theadditivesynthesispluginof DIPHONE, andto theCHANT plugin.

With the interpolationcapabilitiesbetweenpreciseformantsandspectralenvelopeswith marked formant
regions(fuzzy formants,seesection5.1.2),it is evenpossibleto bridgethe gapbetweenthe two synthesis
methods,andto interfacetheexcellentgenerationof vowels in CHANT with theflexibility of ADDITIVE in
DIPHONE.

8.4 Application to Real-Time SignalProcessing

In the framework of the FTS/jMax systemfor real-timesignal processing,a moduleto estimatespectral
envelopes,manipulatethem,andapplythemto synthesiswouldwidengreatlytherangeof applicationsof the
system.Flexible, musicallycontrollablemanipulationparadigmsin real-timeusingspectralenvelopescould
bedevelopedusingthegraphicalprogrammingenvironmentof jMax. However, thedemandsin processing
power for real-timeapplicationof the spectralenvelopehandlingalgorithms—especiallyof estimation—
wouldhave to beevaluated.

Thealreadyexisting real-timeimplementationof additive synthesiswould benefitgreatlyfrom theaddition
of anoisemodelfor theresidualpartof asound,allowing sharptransientslikee.g.in theattackof asoundto
bereproducedor generatedexactly. Also, for many sounds,a noisecomponentis characteristicandalways
present,asin theturbulencenoisesof wind instruments.

Anotherpossibleapplicationis in theESCHERsystem,basedon jMax, designedto provideanintuitiveand
expressivecontrolof soundsynthesisin real-timeby all typesof gesturalinputdevices[WSR98].

The real-timeadditive synthesiscomponentin ESCHERis basedon an -dimensionaltimbral parameter
space1, spannedup by pointsof differentcombinationsof the parameters.At eachpoint, a noteof a real
instrumentplayedwith thesetimbral parametersis subjectedto additive analysis,andthe resultingpartial
setsarestored. Now, whenplaying the ESCHERsystem,the partial setsareinterpolatedaccordingto the
currenttimbralparameters.

Therearenow two possibleapplicationsof spectralenvelopesin ESCHER:First, datacompressioncould
beused,sincetheamountof additive analysisdatais not negligible (rememberthat a wholenotecompris-
ing several hundredsto thousandsof time-framesof datais storedat eachpoint of the multi-dimensional
parametergrid). Storingthedevelopmentof the partialamplitudesasa spectralenvelope,while thepartial
frequenciesarecompletelydeterminedby thepitch,woulddrasticallyreducetheamountof datato bestored.

1Timbralparametersbeinge.g.dynamics,pitch,harmonicity, noise,etc.They arecompletelyuser-defined.
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Second,along the samelines as in section8.1, the representationof the instrumentasspectralenvelopes
wouldallow for bettermanipulationof thesound(sofar, only interpolationis possible).Thesemanipulations
couldincludevariouspartialtransformations,whichwill evenamountto extrapolatingthesound,i.e. creating
soundcharacteristicswhich arenot restrictedto thatof theinstrumentthatwasoriginally modeled,resulting
in moreflexibility andexpressiveness.

8.5 ConversionbetweenSpectralEnvelopesand Images

A playful applicationwhich cameto my mind andwhich waseasyto implementis theconversionbetween
spectralenvelopesover time (spectrograms)andbitmapimages.A spectrogram is a two-dimensionalpre-
sentationin thetime–frequency planeof thespectrumof a soundover time. Here,of course,it displaysthe
courseof thespectralenvelopeover time. Usually, time runsfrom left to right, frequency runsfrom bottom
to top, andamplitudeis codedby brightness(on screen)or blackness(on paper). I.e. onecolumn in the
imagecorrespondsto onetime-frame , andthebrightnessor blacknessvaluesfor a pixel in that
columnarereadfrom the spectralenvelope at time andfrequency , with the tick operator
beingsomemappingfrom imagecoordinatesto thetime–frequency plane.

Thegenerationof thebitmapis trivial, andfor input/outputin animagefile format,thePBMPLUS library was
used.This library generatesanintermediatefile format,whichcanbesubsequentlyconvertedto andfrom all
otherexisting imagefile formats.

Thereis alreadyaninterestin convertingspectralenvelopesto images,namelyvisualization of spectralen-
velopes.In figure8.1,theupperleft imageshows thespectralenvelopesof a mongolianchantover time (the
blacker the colour, the higherthe amplitude). Sometimesit is interestingto seehow the spectralenvelope
changesover time,how theformantsmove,etc.But, theotherwayseemsevenmoreinterestingto me: read-
ing a bitmapimageandconvertingit to a spectralenvelope.This worksanalogously, just thatthebrightness
of apixel of theimageis convertedto theamplitudeof thespectralenvelope: at time and
frequency . The resultingspectralenvelopeis thenappliedto somesound’s partial structureandan
additivesynthesisof theresultingsoundis performed.

Now that we have bothdirectionsof conversion,we canapply thevastmanipulationtechniquesdeveloped
for graphicdesignandvisualartsto imagesof spectralenvelopes,andlistento theresults.Two examplesof
suchmanipulationscanbefoundin figure8.1. Interestingenough,thevisually morespectaculartwirl in the
upperright imagesoundsratherdull (it doesn’t changetheoriginal soundmuch),muchlessinterestingthan
thespreadeffect in thelower left of thefigure,agranulation-likesonicevent,but acrossthewholespectrum.

Finally it is possibleto takeanarbitraryimageandapplyit asa spectralenvelopeto additivesynthesis.This
opensup a vastspaceof new sonicpossibilities.For examplein the lower right imageof figure8.1,which
depictsa long-time exposureof a nightly London street,you canhearevery pillar of the building in the
backgroundasa pulse,while thewhite streaksof thelights of passingbusessoundlike a resonantfrequency
sweep.(In this image,amplitudemapsto brightness,contraryto theotherthreeimages,but preservingthe
image.)

I agreethat the seriousapplicability of this conversionis dubious,becausethe imagemanipulationshave
nothingto do with the propertiesof thedataasa signal,so thereis the risk of arbitraryness.Nevertheless,
theresultsaresurprisingandstimulating.I don’t claim thatit is morethanplayingaround,but isn’t playing
around—orexploring—attheveryheartof creativity?

8.6 VoiceSynthesisby Rule

Finally, both the VIEWENV programandthespectralenvelopelibrary andprogramshave alreadybeenap-
plied in a projectin the analysis–synthesisteam[Hen98]. The topic wasanalysisandsynthesis-by-ruleof
thesingingvoice.Thespectralenvelopesof recordingsof asingerwereestimatedwith thespectralenvelope
library, afterwhichthedisplayingandmeasuringcapabilitiesof theVIEWENV programwereusedto retrieve
theformantsandtheir parametersto setup rulesdescribingthedependenciesof theformantsonpitch. Also,
theSDIFfile formatfor spectralenvelopeswasusedfor thefirst time.
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Figure8.1: Examplefor convertingbetweenspectralenvelopesandimages:Thespectrogramof amongolian
chantto theupperleft is put throughvariousmanipulations,a twirl filter in PHOTOSHOP in theupperright,
a spreadeffect in XV in the lower left. The lower right imageshows an arbitraryphotographto make the
reader’s mind wonderwhat it might soundlike wheninterpretedasa spectralenvelopeandappliedto the
mongolianchant(seein thetext).



Chapter 9

Conclusionand Perspectives

This chapterwill givea summaryandconclusionof thespectralenvelopesproject,followedby perspectives
bothfor futureresearchandapplicationof spectralenvelopes,aswell asfor artisticapplication.

9.1 Summary of the Project

In theprojectSpectral Envelopesin SoundAnalysisandSynthesis, variousmethodsfor estimation,represen-
tation, file storage,manipulation,andapplicationof spectralenvelopesto soundsynthesiswereevaluated,
improved,andimplemented.TheprototypingandtestingenvironmentVIEWENV hasbeendeveloped,anda
functionlibrary to handlespectralenvelopeswasdesignedandimplemented.

For theestimationof spectralenvelopes(chapter3),afteradefinitionof therequirements,theLPC,cepstrum,
anddiscretecepstrummethodswereexamined,all of whichwereimplemented.Variousseparatepossibilities
of improvementsof the discretecepstrummethod(regularization,stochastic(or probabilistic)smoothing,
logarithmicfrequency scaling,andaddingcontrolpointsto theenvelope)wereexaminedandcombined.A
comparisonof the effectsof theseimprovementswascarriedout andan evaluationwith a large corpusof
sounddatashowedthefeasibility of discretecepstrumspectralenvelopeestimation.

After definingthe requirementsfor the representationof spectralenvelopes(chapter4), filter coefficients,
spectralrepresentation,geometricrepresentations(break-pointfunctionsandsplines),formant representa-
tion, andhigh resolutionmatchingpursuitwereexamined.After a comparisonof themethodsin regardof
therequirements,spectralrepresentation,filter coefficients,andformantrepresentationwaschosen.A com-
binedspectralrepresentationwith indicationof theregionsof formants(called“fuzzy formants”)wasdefined
to allow for integrationof spectralenvelopeswith preciseformantdescriptions.

For file storage, datatypesto storeeachof therepresentationsusedin theprojectweredefinedin theframe-
work of theSDIF standardsounddescriptionfile format(seesection7.5).

Varioustypesof manipulations wereexaminedin chapter5. Specialattentionhasbeengivento interpolation
betweenspectralenvelopes,andbetweenspectralenvelopesandformants. Othermanipulations,basedon
primitiveoperationson spectralenvelopes,affectingtheamplitudeandthefrequenciesof spectralenvelopes
havebeencovered.

For theapplicationof spectralenvelopesto soundsynthesis, thetwo casesof additivesynthesisandfiltering
havebeenexaminedin chapter6. For thelatter, theconversioof thedifferentrepresentationsto time-domain
or frequency-domainfilters is given.

In order to easily develop the algorithmsfor spectralenvelopeestimation,and to comparethe effects of
thedifferentparametersettings,theVIEWENV spectralenvelopeviewing application wasdevelopedin the
courseof theprojectundertheMATLAB programmingenvironment.

Finally, thespectralenvelopelibrary , whichcombinesall of themethodsevaluatedin theproject,andmakes
themaccessibleto otherprograms,hasbeendeveloped.Theprinciplesof softwareengineeringwereapplied
to therequirementsanalysis,thedesignof thesoftwarearchitecture,to theimplementation,andto thetesting
mechanismsdevised,asdescribedin chapter7.
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9.2 Perspectivesof Futur e Research

Apart from the prospective applicationsof spectralenvelopesmentionedin chapter8, which would all be
possiblewith theresultsof theprojectasis, otherinterestingideasandenhancementswouldneedmorebasic
research.Someof thesearedescribedin thefollowing.

9.2.1 Optimization of SpectralRepresentation

Furtherreasearchis possiblein theoptimizationof therepresentationof spectralenvelopesasasampledcurve
in thefrequency–amplitudeplane.Thenumberof pointsneccessaryto preciselyrepresentaspectralenvelope
dependson the frequency rangeto cover, andon thecomplexity of theenvelope. It could beautomatically
checked if the numberof points is high enoughby an analysisof the spectralenvelopeto be represented,
andthefrequency grid couldbeadaptedto therequirements.Evenwith thecurrentspectralrepresentation,
nothingconstrainsusto storethesamenumberof pointsat eachframe.Thus,for framescontainingsilence,
only onepoint would be storedto indicatethat a spectralenvelopeis presentbut on the level of silence.
Thiswould takeupalmostno space,while frameswith complicatedspectralenvelopescouldbestoredmore
accurately.

9.2.2 Waveletsfor Representation

An interestingperspective, which hasnot beenexploredin this project, is the applicationof the theoryof
waveletsto spectralenvelopes.Withoutgoinginto details,waveletsareaway to analyseasignalonmultiple
time-frequency resolutionssimultaneously. While Fourieranalysisusessinusoidswith an infinite time sup-
port, waveletanalysisusesdifferentpossiblesetsof basisfunctionswith limited time support.See[Cha95]
for an introductionto wavelets,[Mal97] for a detaileddescription,and[Hub97] for a insightful accountof
thehistoryof wavelets.

Waveletscouldbeappliedto therepresentationsof spectralenvelopesin two ways.First, they couldbeused
for datacompressionin theframework of sampled(spectral)representationof spectralenvelopes.

Second,afteranideaof RémiGribonval,acompletelywavelet-basedrepresentationmightbepossible,which
couldrendermanipulationvery easy:Figure9.1 shows anexamplespectralenvelope.After theanalysisof
thespectralenvelope,interpretedasa signal,with waveletsat differentscales[MZ92], the inflectionpoints
(wherethe curving of the spectralenvelopechangesdirection)areavailable,equallyat differentscales,as
shown in figure9.2. This informationis sufficient to reconstructthespectralenvelopewith goodprecision.

It canbeseenthateachpeakin thespectralenvelopein figure9.1 is identifiedby two inflectionlines in the
analysisin figure9.2.1 It is now easyto imaginemoving theselinesto shift formantpeaks,or changingthe
spacingto modify their bandwidth.

9.3 Possibilitiesof Artistic Application

In thecontext of computermusic,thecontrolof spectralenvelopesoffersthepossibilityto influencethetim-
breof asoundto agreatdegree,allowing composersto obtainadesiredeffector characteristicof asoundby
theuseof aflexible,unconstrainedrepresentation(thespectralrepresentationgivescompletefreedomtomod-
ify a spectralenvelopein any way). To theperformer, thepossiblereal-timeapplicationof spectralenvelope
manipulationwould greatlyenhanceexpressivity througheasilyunderstandableand“musical” parameters,
i.e. parametersthatpertainto a model(thesource–filtermodel)which is valid for many instruments.

Betweenthecreationof completelynew soundsandthemodificationof existingsoundslies thecombination
of featuresof differentsounds.For example,crosssynthesiswith spectralenvelopescrossesthecharacter-
isticsof two distinctsounds:Thepartial structureis taken from onesound,andthespectralenvelopefrom
another.

1Contraryto splinerepresentation(section4.4),wherethereareinflectionandextremapoints, thewaveletanalysisyieldsinformation
aboutthecurve behaviour at multiple resolutions.
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Figure9.1: An artificial spectralenvelope

Figure 9.2: The inflection pointsof the spectralenvelopeof figure 9.1. While the x-axis is in the same
frequency scaleasin figure9.1,they-axisgivestheresolutionscaleof thewaveletanalysis.
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However, the applicationof the methodsand tools developedin this projectwill not only enrichmusical
creation,but alsothedemandsof artwill in turn influencefurtherresearchconductedon this topic:

WheneverI askedcomputermusiccomposersandperformerswhatthey woulddoif they hadthepossibilities
to manipulatethe spectralenvelopeof sounds,they inevitably cameup with ideasaboutvarying spectral
envelopesin time.

For aworthwileartisticapplication,wehaveto raiseourpointof view abovetheone-dimensionalperspective
adoptedin mostof this project,in that the richnessandcomplexity of sound—whichis an inherentlytime-
basedphenomenon—wereonly viewedthroughthekeyholeof onetime-frame.

Alas, this is out of the scopeof this project. Here,the mechanismsfor effecting thesechangeshave been
developed,thequestionhow to applyandcontrolthemhasto beansweredelsewhere.



Appendix A

EnvelopeViewing Application

The spectralenvelopeandsignalviewing applicationVIEWENV waswritten to allow for easyinteractive
testingandevaluationof thealgorithmsfor spectralenvelopeestimation.All of theimportantparametersfor
the differentestimationalgorithmsaredirectly accessible,eitherby numericalentryor by intuitive sliders,
and changesare reflectedimmediatelyin the graphicaloutput. Specialcarehasbeentaken to facilitate
comparingdifferentalgorithms,or differentparametersettingsfor thesamealgorithm.

VIEWENV waswritten using the MATLAB programmingenvironment,taking advantageof the high-level
mathematicalfunctionswhichareprovided,andtherapidprototypingstyleof programming,dueto MATLAB

beinganinterpretedlanguage.

In the following, I will describetheprogramfrom two differentviewpoints. First, in sectionA.1, aimedat
the userwho wantsto view envelopesor visualizethe effect of parameters,second,in sectionA.2 for the
developerwho wantsto extendtheprogramby new algorithmsor functions.

A.1 Usage

This userdocumentationof thespectralenvelopeandsignalviewing applicationVIEWENV is structuredas
follows: After explaininghow to starttheprogramin sectionA.1.1, thebasicentitiestheprogramhandles,
filesandcurves,areintroducedin sectionA.1.2. Thissectionwill alsoexplainhow to selectwhatto display,
andhow to navigatein thedatadisplayed.SectionA.1.3will explain severalotherfunctionsassociatedwith
the displaywindow. SectionA.1.4 will explain the control window wherethe parametersfor the various
spectralenvelopealgorithmsarespecified.Eachparameterwill be describedin detail. SectionA.1.5 will
explainthemanipulationwindow, sectionA.1.6,finally, will explainthepossibilitiesfor interactiveevaluation
of thespectralenvelopeestimationmethods.

A.1.1 Running VIEWENV

To startVIEWENV, youhaveto enterits directory(src/viewenv ) andstartMATLAB by typingmatlab5 .
Thiswill call thescriptfile startup.m , whichsetsthecorrectsearchpathsandstartstheprogramby calling
thefunctionrun . This functioncanalsobecalledfrom theMATLAB promptto reinitializetheprogram.

This shouldbring up severalwindows, thedisplaywindow (figureA.1) for displayof dataandgeneralset-
tings,thecontrolwindow (figureA.2) for loadingdataandsettingparameters,andthemanipulationwindow
(figureA.6) for manipulationof spectralenvelopes.

If you’reusingMATLAB 5.0or 5.1,you’ll have to live with somebugswhich arefixedin version5.2: First,
whenmorecharactersareenteredin atext editfield thanfit in thewidthof thefield, thetext becomesinvisible.
However, it is still thereandcanbeused(just not seen),andwhencharactersaredeleted,it becomesvisible
again.Second,VIEWENV is programmedusingtheobject-orientedprogrammingfeaturesof MATLAB5. In
the early versions,the objectandclasshandlingwasnot implementedcorrectly, leadingto strangeerrors
uponuseractions,which wouldgo away, whentriedasecondtime. Justtry again.
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Figure A.1: TheVIEWENV displaywindow. Themainpartof thewindow is takenup by thedisplayaxes.
To thelower left arethedisplaypop-ups, to theupperleft is thenavigationareaandinteractionarea.

FigureA.2: TheVIEWENV controlwindow.

A.1.2 Filesand Curves

VIEWENV canload files containingvarioustypesof dataanddisplaythemdirectly, aswell ascomputing
datafrom loadedfilesanddisplaythat.Everythingthatcanbedisplayedis calledacurve. Everyfile, together
with its derivedcurvesis groupedinto a rectangularframein thecontrolwindow (figureA.2, seealsofigure
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A.3 for agraphicalpresentationof thederivationrelation).Everycurvehasa title which is displayedin bold
in thecontrolwindow. Thedifferentcurveswill bedescribedlaterin sectionA.1.4.

A.1.2.1 File names

File namescanbespecifiedin threeways:

As a completefile path
Thepath(directory+ filename)canbeabsoluteor relative to thecurrentdirectory.

As an extensionto the basename
If thefile namecontainsa “%” character, thiswill bereplacedby thestringenteredin theBase name
edittext in the displaywindow. Thatway, the variousfiles usuallyrelatedby beinggeneratedfrom a
singlesourcecanbeaccessedrapidly. (E.g. from somefile sound.sf you’ll havesound.format ,
sound.sdif , sound.synt.sf , etc.)

As a referenceto an alreadyloadedfile
If thefilenameis of theform $n, wheren is between1 and3, thisfile will sharethedataof thefile n of
thesametype,i.e. from theframesin thecontrolwindow left or right of thefiles frame.For example,
if thenameof Sound file 2 is specifiedas$1, pressingload(of soundfile 2), will tell it to getits data
from soundfile 1, whatever will be loadedthere,while theparametersstayindependent.This allows
to comparedifferentsettingsof parametersfor thealgorithmson thesamedataset.SeefigureA.3 for
a graphicalpresentationof thereferencerelation.

A.1.2.2 Loading files

Filescanbeloadedin two ways: individually, by clicking theLoad buttonunderneaththefile nameedittext
in thecontrolwindow, or all files in a groupcalledthe load setat once.All files whosebox in load set is
checkedwill beloadedwhentheLoad set buttonnext to theBase name in thedisplaywindow is pressed.
This combinesnicely with the “extensionto thebasename”way of specifyingfile names,whenall related
files with thesamebasenamearein the loadset. Then,afterchangingthebasename,thenew files canbe
loadedwith onemouseclick.

A.1.2.3 Choosingthe Display

In the lower left cornerof thedisplaywindow (figureA.1), 7 checkboxeswith a pop-upmenucanbeseen.
Thesewill bereferredto asthedisplaypop-ups. Initially, whennofilesareloaded,all the7 pop-upswill only
haveoneentry: nothing, sono curvewill bedisplayed.Every curve thatis present(beit dataloadedfrom a
file or calculateddata)will be listed in eachof the7 pop-upmenus.By selectinga desiredcurve in oneof
thepop-ups,it will bedisplayedin thedisplaywindow. Thus,up to 7 curvescanbeviewedsimultaneously.

The 7 checkboxesaresimilar to the mutefunction on audiomixing desks:Whenswitchedoff, the curve
selectedin thepop-upwill not bedisplayed.Thisservesfor quickswitchingoff of acurve,whenit obscures
somedetail in the other curves displayed,without having to take the somewhat longer way of selecting
nothing in thedisplaypop-up.Also,differentcombinationsof curvescanbeselectedandconfiguredquickly.

ConsistentColour Coding

An importantpoint is the colour that is associatedin a fixed and immutableway with eachslot. Thus,
choosinga slot for a curvealsochoosesthecolourwith which thecurvewill bedisplayedin theaxesof the
displaywindow. This colourcodinghasbeenkeptconsistentacrossall thewindows of theprogram.When
a curve is selectedin a pop-up,andthusthecolourchosen,theheadingof thecurve in thecontrolwindow
(figureA.2) is displayedin thatcolour, also. Also, theSpectrogram button in thedisplaywindow, andthe
checkboxin the manipulatoinwindow (figure A.6) will changeto that colour, to indicatethe curve being
affectedby their actions(seebelow).
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Data Reference
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FigureA.3: Thederivationandreferencerelationsin thecontrolwindow

A.1.2.4 Navigation

Thenavigation area in figureA.1 shows thetime-positionin thedatawe’re looking at, andofferscontrols
to changeit. The display is via threetext fields, that give the position in seconds,samples,and frames.
(Samplesareonly valid, if thereis a soundfile loaded.) All of thesethreefields canbe edited,andnew
positionsentered.Below theedit fields, thereis a sliderandfour buttonsto changethecurrentframe. The
slider canbe draggedor setto a positionby usingthe middlemousebutton. Clicking on the slider arrows
increments/decrementsthe frameby one. Clicking next to the slider handleincrements/decrementsby 10.
Thefour buttonsbelow serve thefunctions“go to first frame”, “go to previousframe”, “go to next frame”,
and“go to lastframe”.

How is the connectiondrawn betweenframes,samplesand time positions? All loadeddatahave a time
base(becausetime tagsarestoredwith thefile, or becauseit is clearhow to convert positioninto time and
vice versa),but only onedatasetcandeterminetherelationbetweentime andframenumber, i.e. what time
positionto jump to, whena framenumberis entered.This datasetis calledthe time master. Whenever it
changes,this is printedon theterminal.To tell which datasetis thetime master, prioritieshave beengiven.
Thedatasetwith thehighestpriority will alswaysbetime master. Thelowestpriority assignedto thesound
file andits derivedcurves.Thencomestheenvelopefile, andtheformatfile hashighestpriority. Within the
maximallythreedatasetsof onetype,theonewith thelowestnumberhashighestpriority.

Whena timenumberis entered,theframeof thetimemasterclosestto thattime is selected.
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A.1.3 Other Functions in the Display Window

The Interaction Ar ea
The interactionareaabove thenavigationareain thedisplaywindow figureA.1 offersmiscellaneous
functions. Thereis the edit field for the basename(seeA.1.2.1), the Load set button (seeA.1.2.2)
which havealreadybeenexplained.

Print Preview
TheExport buttonwritesthecontentof thedisplayaxesto ablack-and-whitePostScriptfile export.eps
thatcanbeprintedor includedin paperdocumentssuchasthespectralenvelopereport.All curveslose
their coloursin thePostScript-file.Becausethis is not convenientwhenseveralcurvesaredisplayed,
thePreview checkboxswitchesto thepreview mode for generatingblack-and-whitecurveswith dif-
ferentline styles(dashed,dotted,etc.) to distinguishthem. As with the colour, eachdisplaypop-up
hasa fixed line style associatedto it, so differentcombinationsof line stylescanbe tried out. Also,
in preview modea legendappears,which shows thenameof eachdisplayedcurve alongwith a short
exampleof theline styleor symbolof thatcurve.

Position and Formant Measurement
Below thePreview andExport elements,acheckboxfor positionmeasurementwith themouseis situ-
ated.Whenchecked,clicking in thedisplayaxesshows thepositionin thefrequency–amplitudeplane
in Hz anddB. Moreover, whenclicking anddragging,a specialtool for manualformantmeasurement
in spectralenvelopesis available,to retrieve thefrequency, amplitudeandbandwidthof a formant. It
measuresanddisplaysthedistanceof themousefrom thepoint first clickedon (markedwith a cross)
in frequency andamplitude.For frequency, two symmetricverticallineswill appearonequaldistance
from thestartingpoint,asshown in figureA.4.

FigureA.4: Formantmeasurementwith VIEWENV

Formantmeasurementproceedsasfollows: The startingpoint is chosento be the peakof a formant
apparentin the spectralenvelopedisplayed.After clicking andholding down the left mousebutton,
the cursoris displacedto -3 dB amplitudedistance.Then,the cursoris movedhorizontallyuntil the
frequency linescrossthespectralenvelope.Thefrequency distancedisplayedis thebandwidthof the
formant.Moreover, becauseof thetwo symmetricfrequency cursors,thesymmetricityof theformant
canbechecked.

Zooming
Whenthemousepositioncheckboxis switchedoff (which is thedefault),zoommode is selected.By
clicking the left mousebutton in the displayaxes,a zoomin of 50% is activated. The right mouse
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buttonzoomsout. By draggingwith the left mousebutton,a zoomrectanglecanbeopenend,andby
doubleclicking theleft mousebutton,wereturnto thenormalfull view.

Spectrogram
Finally, a bit astrayfrom the interactionarea,the Spectrogram buttonat the very bottomto the left
selectsa spectrogramview (of the time–frequency plane,whereintensity is codedby colour) of the
curvethatwasmanipulatedlastin thedisplaypopups.

A.1.4 Parametersand the Control Window

Thecontrolwindow (figureA.2) containsthreeidenticalcolumnsof parametersfor thevariousalgorithms,
groupedin boxesby thefile they arederivedfrom. Thevaluesof almostall numericalparametersareentered
anddisplayedeitherdirectly in theedittext next to their name,or graphicallyby usingthesliderbelow. As
usual,the arrows allow an incrementor decrementof one “step” (whatever a stepis for that parameter),
clicking next to thesliderhandlechangesthevalueby abiggeramount,andthesliderhandlecanbedragged
directly to thedesiredposition.

Thesettingsmadecanberecordedfor lateruseby saving thewindow. To do this, selecttheSave As entry
from theFile menuandenteror selectcontrol.m asthefile name,overwritingtheprevioussettings.

Thecurvesandtheir respectiveparametersareexplainedin thefollowing sections.

A.1.4.1 SoundFile

DisplaystheFourierspectrumof asoundfile. Besidesthestandardfile parameters,thelengthof thewindow,
from which thespectrumwill becomputed,canbespecifiedbothin secondsandin numberof samples1.

LPC
Displaysthe spectralenvelopecomputedby linear prediction(seesection3.2). The orderparame-
ter specifiesthe numberof polesto useto approximatethe spectrum. Higher ordersyield a closer
adaptationto thespectrum,but a lesssmoothspectralenvelope.

Cepstrum
Displaysthe spectralenvelopecomputedby the continuouscepstrummethod(seesection3.3). The
orderparameterspecifiesthecutoff frequency of thesmoothingfilter. A higherordermeansthatmore
high frequency components,i.e. rapidchanges,areleft in thespectralenvelope.

A.1.4.2 EnvelopeFile

Displaysthespectralenvelopetakendirectly from a file. Only thestandardfile parametersarepresent.The
two possibleformatsof anenvelopefile are:

ASCII spectralenvelopeformat (extension.env ), wherethe first numberof the file specifiesthe
numberof points of the envelope,followedby oneline for eachframe,containingthe time of the
frameandthe amplitudevaluesof the spectralenvelopefor equidistantfrequencies,spaced
Hertzapart. Note that this format is obsoleteandincomplete.It wasonly usedin anearly teststage
andlackstheinformationaboutthesamplingrate . It is now supersededby the:

SDIF spectralenvelopeformat (extension.sdif ), which containstheenvelopein binary form, plus
all necessaryheaderinformation. Seesection2.5 for a detaileddescriptionof the spectralenvelope
SDIFfile format.

1If thenumberof samplesis apower of two, theFastFourierTransform(FFT) algorithmwill beused,otherwiseaDiscreteFourier
Transform(DFT) will beperformed.
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A.1.4.3 Format File

The format file itself containsthe harmonicpartialsof a sound,as generatedby the ADDITIVE program
(seesection2.2)or HMM. Both, theASCII format(extension.format ), andthebinaryformat (extension
.fmt ) arerecognized,aswell asfiles compressedwith gzip (extensions.format.gz and .fmt.gz ,
respectively). Eachpartial is displayedasa little crossat its frequency andamplitude.

DiscreteCepstrum
Displaysthe spectralenvelopecomputedby the discretecepstrummethod(seesection3.4) from the
partialsof theformatfile, which aredisplayed,too. Theparametersare:

Algorithm ChoicebetweenGalas, Galas cloud, algorithmsdevelopedby Thierry Galas,Regu-
larized, Reg.+Border, Reg.+-Border, regularizeddiscretecepstrum,Cloud, Cloud+Border,
Cloud+-Border, regularizeddiscretecepstrumwith statisticalcloudsmoothing,wherethe+Bor-
der versionaddspointsat thelow andhighborderof thefrequency rangeathalf theamplitudeof
thehighest/lowestpartialto forcetheenvelopegoingdown, andthe+-Border versionaddsthese
pointsonly whenthereis enoughspace.For moredetails,seethedescriptionof thealgorithmsin
section3.5.4.

Frequencyscale Choicebetween

Linear: Thefrequenciesof thepartialsareusedasis.

Log freq: A logarithmicscaleis appliedto thefrequenciesof thepartialshigherthanthebreak
point to increasethe resolutionof low frequency detailsto the expenseof high frequency
details,which aren’t perceptuallyimportant.

Log norm: Uselogarithmicscaleasabove,whichis normalized(scaledback)to covertherange
of 0 to in orderto avoid rangeerrors.

Log corr: Apply normalizedlogarithmicscaleafter addingpointsin theCloud algorithm. For
theotheralgorithms,this is thesameasLog norm.

Breakpoint If a logarithmicfrequency scaleis selected,the first valuespecifiesthebreakpoint be-
tweenthe linear part andthe logarithmicpart of the scale. The secondvalueis the outputfre-
quency at the breakfrequency. For the normalizedandcorrectedlogarithmicscale,the second
parameterhasno influence(seesection3.5.3for moredetails).

Mouseinput If checked,theBreakpoint parametercanbeenteredinteractively usingthemouse.As
canbeseenin figureA.5, a crosshair(thetwo intersectingdashedlinesat thebreakinput/output
frequencies)is drawn, which canbemovedby clicking themouseor moving themousewhile a
buttonis pressed(dragging).Also, theresultingpartialfrequenciesareplottedasaninput/output
relationship(the y-axis is is to be interpretedasrangingfrom 0 to Hertz, for that matter),
alongwith a grey dottedidentity line for reference.

Themouseinput shouldalwaysbeactive for only oneof thethreediscretecepstrumcurves.

Order Theorderparametercommandstheaccuracy with which the givenpartialsareapproximated
by thespectralenvelope.A highvaluewill leadto acurvehitting thepartialsexactly, but is more
demandingcomputationally.

Regularization The regularizationfactor is a constrainton the shapeof the spectralenvelope. It
introducesan additionalpunishmentof irregularitiesdueto to too strongan inclination of the
curve(seesection3.5.1for moredetails).

Thevaluesthatcanbeenteredrangefrom 0 (noconstraint)to 1 (heavy constraint),with interme-
diatevaluesof the form , where and . Clicking thesliderarrows
resultsin an increment/decrementof , with a jump to the next higher/lower power of ten (e.g.
0.0009will incrementto 0.001,then0.002).Clicking next to thesliderhandlemultiplies/divides
by ten. This way, a wide rangeof regularizationfactorswith sufficient precisioncanbeentered
conveniently.

Show deviation Whenthis checkboxis on, the absolutedeviation of the spectralenvelopefrom the
curveobtainedby linearinterpolationis displayedin dB.Thisis usedfor theevaluationof spectral
envelopeestimationasdescribedin section3.6andshown in figure3.13.
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Figure A.5: Displayof thelogarithmicfrequency scalewith mouseinput of thebreakpoint for logarithmic
frequency scaleenabled

A.1.5 The Manipulation Window

Themanipulationwindow (figureA.6) so far servesonly onemanipulation,theskewing. It is describedin
section5.3. Thefour parameterof skewing canbeenterednumericallyin theedit fields,or by sliders.With
theSkew Range checkbox,skewing canbeswitchedonor off. Alwaysthelastcurvehandledin thedisplay
pop-upsis theoneto beskewed,which is indicatedby thecolourof theSkew Range checkbox.Figure5.8
showsanexampleof theskewing manipulation.

FigureA.6: TheVIEWENV manipulationwindow.

A.1.6 The Evaluation Window

Theevaluationwindow servesa ratherspecifictask(to thespectralenvelopeproject),andtheuserinterface
is thereforenotveryelaborate.Thetaskis theevaluationof a largecorpusof audiodata,describedin section
3.6. After the corpushasbeenanalysed,the resultfile giving themaximumdeviationsfor eachframecan
beloadedanddisplayed,ascanbeseenin figureA.7. Theupperline shows, for eachframe,themaximum
absolutedeviationbetweentheestimatedspectralenvelopeandthelinearinterpolation.Thelowerline shows
the amplitudeat which the maximumdeviation occured.The text displaybelow the axesshows the frame
numberat which thecursoris positioned(frame), maximumdeviation for that frame(maxdiff), amplitude
value (env), and frequency (freq) at which the maximumdifferenceoccured. By meansof a frequency
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cursor, andzoominginto the interestingparts(togglezoommode/cursormodeby pressing’z’), the peaks
in thedeviation curve canbeexamined(seefigureA.8). If it is a significantpeak(if it is not at a very low
amplitudeor at thebordersof thefrequency range)wecanjumpdirectlyto thedisplayof theframeproducing
thaterrorin thedisplaywindow by pressing’d’. By pressing’f ’, thesepeaksarefilteredout beforehand.

FigureA.7: Evaluationwindow, full view

A.2 Ar chitecture

Thissectionwill briefly explaintheinternalstructureof theenvelopeviewing applicationVIEWENV to allow
for easierextensionor modification.

Notethat thetermderivedhasalreadybeenusedin sectionA.1 in thesenseof computationallyderived. In
this section,asin object-orientedprogrammingin general,it is usedin both this senseandin the senseof
derivedby inheritancein descriptionsof relationsbetweenclasses.

Theintendedobject-orientedclasshierarchyis shown in figureA.9. Thedifferenttasksof acurve(something
to be displayed)anda file (loadeddata)areseparated,sincesomecurvesdon’t own their properdata,but
arederived from dataloadedin a differentclass. This type of derivation is expressedasa usagerelation,
e.g.betweenDiscreteCepstrumandFormat. Thoseclasseswhodirectlydisplaytheloadeddatausemultiple
inheritancefrom CurveandFile, e.g.Envelope.

Unfortunately, the realizationof the principlesof object-orientedprogrammingis far from perfectin the
MATLAB programminglanguage.Indeed,it is quitecumbersometo write classes,e.g.theinheritancehasto
be“handmade”andaseparatedirectoryis neededfor eachclass,with aseparatesourcefile for eachmethod.
Thus,for reasonsof feasibility, theclassdesignhadto bestrippeddown to theoneshown in figureA.10.

Thenew basicclassCurveis a fusionof thecurveandfile functionalites,althoughsomeof themwill not be
usedby certainderivedclasses.TheCurveclasshandlesall commonalitiesof thedifferentderivedclasses,
suchasthecallbacksfrom thefile handlingbuttonsof theuserinterface.

To definea new classderived from Curve, all that hasto be doneis to write a constructorwhich calls the
Curveconstructor, providea load.m method,a paint.m method,andpossiblya callback.m method,
to handleuserinterfaceelementsto inputparametervalues.
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FigureA.8: Evaluationwindow, zoomedin. Here,singlepeaksof high deviationcanbeindividually exam-
ined.
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FigureA.9: Optimalclassdesignfor VIEWENV.
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FigureA.10: Feasibleclassdesignfor VIEWENV.
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