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Abstract

In this project, Spectal Envelopesn SoundAnalysisand Synthesisvariousmethodsfor estimation repre-
sentationfile storagemanipulationandapplicationof spectrakenvelopego soundsynthesisvereevaluated,
improved,andimplementedA prototypingandtestingernvironmentwasdevelopedandafunctionlibrary to
handlespectrakervelopesvasdesignedcandimplemented.

For the estimation of spectralervelopes after definingthe requirementsthe methods_PC, cepstrumand
discrete cepstrumwere examined,andalsoimprovementsof the discretecepstrummethod(regularization

stodhastic(or probabilistic) smoothinglogarithmicfrequencyscaling andaddingcontmol pointg. An evalu-
ationwith alarge corpusof sounddatashovedthefeasibility of discretecepstrumspectrakernvelopeestima-
tion.

After definingtherequirementsor therepresentationof spectrakervelopesfilter coeficients spectal rep-
resentation break-pointfunctions splines formant representation and high resolutionmatding pursuit
wereexamined.A combinedspectrakepresentatiomwith indicationof the regionsof formants(calledfuzzy
formantg wasdefinedto allow for integrationof spectralernvelopeswith preciseformantdescriptions.For
file storage new datatypesweredefinedfor the SDIF SoundDescriptioninterchange Formatstandard.

Methodsfor manipulation were examined,especiallyinter polation betweenspectralernvelopes,and be-
tweenspectralervelopesandformants,and othermanipulationsbasedon primitive operationson spectral
ervelopes.For soundsynthesis applicationof spectralervelopesto additive synthesisandtime-domainor

frequency-domaifiltering have beenexamined.

For prototypingandtestingof thealgorithms,a spectralenvelopeviewing program wasdeveloped.Finally,
thespectral envelopelibrary , offering completefunctionality of spectrakernvelopehandling,wasdeveloped
accordingto the principlesof softwareengineering.
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Chapter 1

Intr oduction

For mary soundsynthesisandprocessingpplicationsthe spectraknvelopeplaysacrucialrole. For musical
applications,the spectralervelopelargely determineghe timbre, or “colour” of a sound. For the voice,
importantcharacteristicsuchasthe type of a vowel or part of the vocal quality of a voice dependon the
spectralervelope. In general,the spectralervelopeis a smoothedversionof the frequeny spectrumof a
sound,andis oftenindependentf the pitch.

1.1 Motivation

In the context of computemusic, it is importantto have precisecontrol of the spectralervelopeof a sound
e.g.for composerso realizetheirideasor for thesynthesiof thesingingvoiceto localizeformantsprecisely
andthusto obtaingoodvoice quality.

In the context of additive analysisandsynthesisywherea soundis decomposehto sinusoidsrenderingeach
minutedetail of the soundaccessibléo manipulation spectralenvelopescanleadaway out of thedilemma
of how to controlthe parametersf the hundredof sinusoidsovertimein asensiblevay.

1.2 Outline of the Project

The objective of the projectis to developmethodsof spectralernvelopeestimation,manipulation andappli-
cationfor soundsynthesisandto definea flexible andefficient representatiownf the data,both for internal
andfor permanenstorage The methodsoundareto beimplementedn a portablefunctionlibrary.

The projecttakes placeat the IRCAM (Institut de la Rederche et Coordination Acoustique/Musiqyein
Paris, France a nationalinstitute of researchin musicandacousticsmusicalcreationand production,and
educationputtingits mainemphasion the useof computersn contemporarynusic.

1.3 Outline of this Documentation

Thedocumentatiomf the spectrakernvelopeprojectcanberoughly dividedinto four parts.

Thefirst part, fundamentalsgonsistsof chaptersl and2, andcoversthis introductionandthe prerequisites
of the project. In chapter2, the basicsof digital signal processingwill be briefly visited, followed by an
introductionto additive soundsynthesisthe conceptof spectralervelopesand the source—filtermodel of
speechproduction. Finally, a quick tour of the other programsand systemsof IRCAM relatedto spectral
ervelopeswill settheframework for theirapplication.

In thesecondart,themethodsisedanddevelopedn this projectwill bedescribedormally. After adescrip-
tion of the estimationof spectrakenvelopesn chapter3, theinternalrepresentatiois presentedn chapter4,
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manipulationof spectrakrnvelopeds coveredin chaptel5, andthe applicationof spectraknvelopego sound
synthesiganbefoundin chapter6.

Thethird part,implementationdescribeshetranslationof theresultsof the previouschaptersnto aworking

softwaresystem.Chapter7 first presentsomegenerakonsiderationgor theimplementationsuchasa brief

introductionto software engineeringthe architecturahotationused. Then, the architectureof the spectral
ervelopelibrary is presentedfollowed by a definition of the file format used. Appendix A describeghe
usageandthestructureof the programVIEWENYV to experimentwith spectralkenvelopealgorithms.

Finally, an overview of existing andpossibleapplicationsof spectralervelopesis givenin chapter8, anda
summaryof the projectanda conclusionfrom a scientificandanartisticviewpointis givenin chapter9.

1.4 Acknowledgements

I would like to thank the following people,without whom this project would have beenmuch harderto
accomplishpr not possibleat all:

Xavier Rodetfor acceptingme into the analysis/synthesiteam, for the interestingsubjectand countless
suggestionsProf. Dr. Rul Gunzenfiuseffor agreeingo examinethework, Prof. Dr. KlausLagally for his
unbureaucratiapproachand encouragingf the endea&or, KatharinaMehnerfor more understandingind
supportthancanbe askedfor andfor her critical revision andcommentsf thereport,MargretSchwarzand
Rudolf Schwarzfor layingthe basisfor all thisto bepossible Andrew Brown for a steadydoseof philosophy
and his incredibleaccurag pinning flawed thoughts,Marcelo Wanderlg for the fruitful discussionsand
structureccommentsMarine Campedefor the cheerfulsharingof herknowledge,Geofroy Peeterdor “un
p’tit cafe?” andthe music, ChristophVergezfor his goodhumorandthe practicaltips, Reémi Griborval for
ideason wavelets,Adrien Lefevrefor the nice ervironment,NatalieHenrichfor beingmy first fearlessuser
andpers@erantj-tester,Venicefor Stefania,andall the otherpeopleof the analysis/synthesigamfor the
stimulatingandpleasanstay



Chapter 2

BasicConcepts

This chaptemwill describesomebasicconceptsiecessaryo understandhe spectralernvelopesproject. After
ashortintroductionto someconceptsn digital signalprocessingvhich permeatéhewhole projectin section
2.1,thebasicideasof additive soundanalysisandsynthesisareexplainedin section2.2, followedby acloser
examinationof the conceptof spectralenvelopes. Finally, to embedthe projectin the ongoingwork at
IRCAM, the programausedhere,andthe programsandsystemavherespectralenvelopemanipulationwill
beusedwill bevisitedbriefly in section2.5.

2.1 Digital Signal Processing

This sectionwill give a brief introductionto, anda formal definition of, the basicconceptsand methodsof
the theory of digital signalprocessingisedin this project. They form the basisfor the methodspresented
in the subsequenthapters. Necessarilythis introductionwill be very brief andrestricted. In particular
I will considerthe theory of digital signalprocessingapartfrom the more generaltheory of analogsignal
processingandwill passover the variousproblemsand mathematicaprerequisitenehasto take careof
(stability, cornvergence).See[RH91] for a broadintroduction,[Rob9q for anonlinetutorial,and[OS75 for
amoreprofoundpresentation.

2.1.1 Sampling

Theaudiodatawe wishto treatwill generallybepresentn theform of electricoscillations.Thesecaneither
comefrom amicrophonerecordingacousticsoundwaves,from atape,or anelectronicinstrumentor device.

To corverttheseoscillationsto aform thatcanbetreatedby acomputetthey have to bedigitised,i.e. reduced
from ananalogform (time- andvalue-continuousfo digital (time- andvalue-discrete)This processs called

A/D corversionor sampling. It consistsof two steps:

1. First,theanalogsignals(¢) is corvertedto atime-discretdorm z (n) by samplingits value(in themore
specificsenseof theword) in periodicalintervalsof durationt,, the sampling period, (seefigure2.1).
Thesampling rate is thendefinedas:

fs= tl (2.1)

Theindex n, of thesampledsignalz (n) is relatedto time by ¢ = nt, suchthat
z(n) = s(nts) (2.2)
2. Then,the value-continuousamplesare roundedto yield a value-discretédinary number commonly
calledasample For mostcommerciakudioapplicationsa 16 bit integerformatis used for research,

however, a normalized32 bit floating point formatwith valuesrangingfrom -1.0to 1.0 is preferred.
This step? is calledquantization (seefigure2.2).
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Amplitude

Figure 2.1: Corversionof ananalogto atime-discretesignal(sampling

Amplitude

Figure 2.2: Corversionof atime-discretdo a digital signal(quantization

Theresultof A/D corversionis shavn in figure 2.3. It is a curve with discretestepsat every sample.Note,
however, thatfor mostof the theoryof digital signalprocessingasfor the restof this chapteythe samples
aregenerallyconsideredo bevalue-continuous.

Therearevarioussourcef errorsin the procesf A/D corversion,includingjitter, quantizatiomoise,and
aliasing:

Jitter
Deviationsof the periodicity of the samplingof the analogsignal(stepl above) arecalledijitter. Jitter
is atechnicalproblemthatis solvedwith currenttechnology

Quantization noise
Becauseof the roundingerrorsin the processof quantization(step2 above), quantizationnoiseis
introducedinto the sampledsignal. The roundingerrorsaredependenbf the numberof quantization
intervals,i.e. the numberof valuesD onesamplecanexpress.Because samples storedasabinary
number D hastheform 2", with n beingthe numberof bits (the word length)of the binary number
As aroughestimatetheratio betweerthe signalandthe quantizatiomoiseincreasedy 6 dB perbit
added(seesection2.1.2for a definition of the unit dB).
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Amplitude

Figure 2.3. Resultof A/D corversion

Aliasing
Accordingto the samplingtheoremof Nyquist, the samplingfrequeny f; mustbe at leasttwice the
highestfrequeng occurringin the signal? If not, the partsof the signalabove f,/2 areintroduced
aslow frequeng aliasingnoisein the sampledsignal. To avoid this, an anti-aliasingfilter is inserted
beforethe A/D corverterto suppresdrequenciesbore half of the samplingfrequeng.

Corvertingadigital signalbackto ananalogsignalis calledD/A conversion. Roughly, it consistof reading
the samplesandgeneratingan electricoscillationaccordingly As thiswill look like the step-curein figure
2.3,it hasto besmoothedy alow-pasdilter (afilter thatletsonly thefrequenciedelow his cutoff-frequeny
pass)o yield a signalsuitableto beingamplifiedandplayedvia loudspeakrs,or recordedn analogtape.

2.1.2 Power and Energy

The notion of enegy and power for digital signalsis only slightly relatedto the physicalunits pertaining
to analogelectricalsignals. They are,neverthelessrelatedto the percevedloudnessalbeitin a non-trivial
way.?

Thepower of asignalz(n) is definedby

p(n) = |z (n)|* (2.3)
Thenits energy is

E= Y nn). @4
Takenassuch,this valuedoesnt tell usmuch. It is useful,however, to compargwo signals.For thisend,the

unit decibel(dB) is introduced:Theratio R in dB of two signalswith enegies E; andE; is

E
2

1To beprecisejt is enoughthatthewidth of the frequeng bandthe signaluses(the bandwidth)be lessthanthe Nyquistfrequeng.
This is exploited in digital telephory, wherethe transmittedsignalis restrictedto betweenc.a. 300 Hz and4300Hz, thusa sampling
rateof 8000Hz is sufiicient.

2To discover the relationshipbetweenphysically measurabldeaturesof soundandthe humanperceptionof soundis the aim of
psychoacousticsee[Zwi82].
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Often, however, animplicit referenceenegy of E» = 1 is used. A ratio of 10 dB correspondsoughly to
doublingtheloudnessTheunit decibelis well suitedto practicaluse,sincethe dynamicrangeof thehuman
earis quite large, still, the valuesin decibelstayin a manageableange. For example,if the thresholdof
hearingis definedasa referencepoint of 0 dB, the dynamicrangereachesup to 120dB, the painthreshold.
This correspond$o doublingtheloudnessl 2 times.

2.1.3 Fourier Transform

After A/D corversionthesignalz(n) is representeth thetime domainasasequencef numbers According
to Fourier's ingeniousidea, ary function, even nonperiodicones,canbe expressedasa sum of (periodic)
sinusoidg\which cannot be further decomposed,e. they are“pure”). In the complex domain,a sinusoid
canbeexpressedy

& = coswn + jsinwn (2.6)

with theangular frequencyw givenby

2T
= —k .
w= (2.7)

for somediscretefrequeny k£ and N frequeng bandsor, relatedto frequenciesn Hertz(Hz), as

= fs =7 (2.8)

So,to revealthefrequeng structureof z, it canbe corvertedto afrequengy domainrepresentatioX’ by the
discreteFourier transform (DFT):

N-1
k) = Z ej%r”kx(n) (2.9)
=0

X is calledthe frequencyspectrum of the digital signalz of length N. To go the otherway, we usethe
inversediscrete Fourier transform:

1 N—
- < Z eIk X () (2.10)
k=0
Theresultof the Fouriertransformin (2.9)is N complex numbersX (k) which definethe magnitude spec-
trum M (k) andphasespectrum ¢(k) for adiscretefrequeny k:
M(k) = |X(k) (2.11)

B re X(k)
£ X (k) = arctan m‘

<

—~

Z=
I

(2.12)

The magnitudespectrungivesthe intensityof a sinusoidat frequeng &, while the phasespectrungivesits
shift in time. Often, the phasespectrumis ignored(it is notimportantfor speeckrecognition),andtheterm
Fourierspectrunor spectrurmis usedfor the magnitudespectrum.

Thereexistsa generalizatiorf the discreteFouriertransfornd, calledthe Z—transform, which oftensimpli-
fiestherepresentationi the frequeny domain.The Z—transformX (z) of a discretesequence:(n), where
z is acomple variable,is definedas:

X(z)= Z z(n)z™" (2.13)

n=—00
3In mathematicaterms, this “purity” meansthe sinusoidsof differentfrequenciegorm an orthogonalbasisof a vectorspacethe
Fourierspace Thetime-domairis in factanothewectorspacewith thediracfunctionsd(n — ng) for no € Z andthe Fouriertransform
is simply achangeof basis
4Justas, for the continuouscasethe Laplacetransformis the generalizatiorof the continuousFouriertransform.
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If 2 is substitutecby /¥, the relationshipto the Fourier transformis obvious. See[0S75 for a rigorous
presentatiorof the Z—transformpor [Mel97] for anon-linetutorial.

The computationatomplexity of the DFT, whencomputeddirectly, is O(IN?). By takingadwantageof the
periodicity of the analysingsinusoide —7 *¥k and applyingthe divide and conquer principle of splitting
the probleminto successiely smallersubproblemsa variety of more efficient algorithmsof compleity

O(N log N) have beendevelopedwhich cameto beknown collectively asthefast Fourier transform (FFT).
They generallyrequirethat N beapower of two. As thediscreteFouriertransformandits inversediffer only
in thesignof theexponentandascalingfactor thesameprinciplesleadto theinversefast Fourier transform

(IFFT).

2.1.4 Convolution, Filtering and Linear Systems

The fundamentabperationof digital signalprocessings the corvolution of two signalsz(n) andh(n) to
yield y(n), definedby

o0

y(n) = x(n) = h(n) := Z x(k)h(n — k) (2.14)

k=—00

x(n) ————= h(n) = y(n)

Figure 2.4 Corvolution of adiscretesignalz (n) with asignalh(n).

This is whatis behindthe notion of filtering : The outputsignaly is « filteredby h. It is usuallyexpressed
graphicallyasshawn in figure 2.4. This operationis commutatve andassociatie:

z(n) x h(n) = h(n) xx(n) (2.15)
by (n) * (hy (n) x x(n)) = hy(n) * (hy(n) xz(n)) = (h(n) * ha(n)) «z(n) (2.16)

Systemswhich performlinear operationsuchasconvolution, addition,andmultiplication by a constantare
partof theclassof linear time-invariant systems(LT| systems}. They arenotatedasin figure 2.5.

x(n) T[] y(n)

Figure 2.5 A lineartime-invariantsystemperformingoperationT.

The propertiesof linearity andtime-invariance aredefinedas:

Tlax,(n) + bxy(n)) = al[z,(n)] + bT[z4(n)] (2.17)
y(n)=T[z(n)] <= yn—k) =T[x(n—k) forall k € Z (2.18)

As aconsequenc@nlLTl systemis completelydefinedoy its impulseresponsei(n), whichis the outputof
the systemto a singleunit impulse §(n) with

1 forn =0

on) = { 0 forn £0 (2.19)
An importantpropertyis that a convolution of two signalsin the time-domaincanbe expressedyy a mul-
tiplication of their spectrain the frequeng-domain. If X,Y and H arethe Z-transformsof z, y and h,
then

y(n)=x(n) *h(n) <= Y(z) = X(2)- H(2) (2.20)
Thisis expressedn figure2.6. The FouriertransformH (z) of theimpulseresponsé:(n) of afilter is called

thetransfer function of thefilter.

Theabove providesthelink betweertheintuitive notionof filtering asa selectve attenuatioror amplification
of certainfrequenciesn a signalto the mathematicabperationf corvolution andFouriertransformation.

5Somescolarspreferthe namelinear shift-invariant systemsfor discretesignals,sincethereis no inherentnotion of time in a
sequencef numbers.
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X(z) ——— H(z) —Y()

Figure 2.6: Filtering in thefrequeng-domain.

2.1.5 Windowing

Sofar, we have consideredhe signalasawhole, evenif it wasof infinite length. For practicalapplications,
andin ordernotto loseall time informationin thetransitionto frequeny domain,smallsectionsof thesignal
of about10-40msaretreatedoneat a time. Thesesmall sectionsare calledwindows or frames. To avoid

introducingartefactsinto the frequeng-domain,causedy discontinuitiesat the bordersof the window, the
signalis first multiplied by a window function w (n), which providesfor a smoothfade-inandfade-outof

thewindow.

Zw(n) = z(n)w(n) (2.21)

Thewindowedsignalz,, () is thenconvertedby the FouriertransformationThewindows areusuallyplaced
sothatthey overlap(seefigure2.7).

1.00
0.75
0.50

0.25

0.00 1 \\|/// ] I 1 \\\ 1 s 1
0.000.250.500.751.00 1.25 1.50 1.75 2.00

Figure 2.7. OverlappingHammingwindows

In the following, the formulasand graphsof someof the mostwidely usedwindow functionsare shown,
togethemwith the magnitudespectraof a signalconsistingof two sinusoidsat differentfrequencieandam-
plitudes,multiplied by the correspondingvindow function. Thesespectrashow the distortionor smearthat
is introducedby thewindow function. Ideally, therewould be only two sharppeaks.
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Rectangle (figure2.8)

1 for 0<n<N
w(n) = { 0 otherwise (2.22)
Bartlett ortriangularwindow (figure2.9)
2 N—1
w(n) = { 2~y for Xl <n< N (2.23)
Hamming (figure2.10)
— 0.54 — 0.46 cos == (2.24)
w(n)=0.54 - 0. COS 7 .
Hanning (figure2.11)
— 0.5 0.5c05 o2 (2.25)
w(n) = 5 —=0.5c0s 57— .
Blackman (figure2.12)
w(n) = 0.42 — 0.5 cos ™" 4 (.08 cos ™" (2.26)
N -1 N-1
Gauss (figure2.13)
) N 14.41N
wn)=e -2 with o= (2.27)

100

2.2 Additi ve Analysis and Synthesisof Sound

On closerscrutiry of the Fourier spectrumof the soundof a musicalinstumentor the voice, a specific
structurecan be obsened: Besidesa peakat the fundamental frequency f, (the frequeny heardasthe
pitch of thesound)therearepeaksat 2 times, 3 times,4 times,andsoon, of the fundamentafrequeng, as
canbeseenin figure2.14.

Thesepeaksarein fact the frequeng-domainrepresentatiorf sinusoidsat integer multiples of the fun-
damentalfrequeng, called harmonics, or harmonic partials. Taking advantageof this, it is possibleto
represena soundby alist of theamplitudesandphase®f the harmonicpartialsandthe residualnoise.The
latteris the part of the spectrumwhich cannot be expressedy sinusoidsat integer multiplesof the funda-
mentalfrequeng. The residualnoiseis usuallyvery low, asin figure 2.14, but it canalsobe muchlouder
andcontribute essentiallyto the characteristicef a timbre, e.g. in the breathnoisein the attackof a wind
instrumentasin figure 2.15, or the thumpof the hammerof a piano. In general the sharptransientsn the
attackphaseof aninstrumentakoundarebestmodeledby noise.

Not all sounds,however, canbe expressedby harmonicpartials. Take for examplethe spectrumof the
soundof a bell in figure 2.16. The partialsare spacedat fractionalmultiplesof the fundamentafrequeng.
Neverthelessthesesoundscanberepresentetly thesinusoidapartialsandnoisemodel,whenthefrequeny
of eachpartialis recordedalongwith its amplitudeandphase.

Most of the classicainstrumentsandthe voice have a purely harmonicspectrum.Somesoundslik e the bell
or metalplateshaveinharmonicspectraywhich aremostlydiscribedas“metallic”. Percussiosoundsfinally,
have only afeeblepartial structure andconsistmainly of noise.

Of course the charactemnf the soundof an instrumentis not determinedoy one spectrumonly, but by its
evolutionin time. Especially the change®f the proportionsof the amplitudesof the partials,andlittle fluc-
tuationsof the partialsover time allow usto recogniseaninstrument.Moreover, especiallythe attackphase
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Figure 2.14 Spectrumof a clarinetplayedat 440 Hz. Thegrid lines spacedat 440 Hz intervals showv that
thesoundis madeup only of harmonicpartials.
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Figure 2.15 Magnitudespectrumof a shakuhachflute. This spectrumclearly revealsa harmonicpartial
structure put theresidualnoiseis muchlouderthanin figure2.14,in relationto the partials.
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Figure 2.16 Spectrunof abell sound(aninharmonicspectrum)
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(thefirst few milliseconds)of a soundcontainsessentiainformationfor the recognitionof the instrument.
For moreaboutthe acousticcorrelateof the charactenf musicalinstrumentsee[vH54].

If we now turn to additive synthesis we can easily generalizeover harmonicor inharmonicsounds. All
soundsarerepresentedby a successiomf time-framesconsistingof a sinusoidalcomponentwith partials
at frequenciesf; with amplitudesa; andphasesp;, : = 1.n, anda residualnoisecomponent-(n) asa
time-domaindiscretesignal. Synthesidor aframeattime ¢ is doneby evaluating

s(k)=r(k) + Xn:ai cos(2m fit + ¢i) (2.28)

=1
for all sampless (k) of thisframe.

For example,the additive analysisof the soundof the japaneseshakuhachflute of figure 2.15yields the

harmonicpartial peaksshavn as crossedn figure 2.17. The additive re-synthesisaccordingto equation
(2.28) hasthe spectrumshown in figure 2.18. No non-sinusoidatomponentsre presentin this spectrum.
The irregular bottomline is dueto the unavoidablespectralsmearof the FFT-window for displayingthe

spectrumasdemonstrateéh section2.1.5. Now, if we subtractthe resynthesizedignalfrom the original

signalin time-domain(!),all thatis left is the residualpartr(n), consistingof non-sinusoidahoise, the

spectrumof which is shown in figure 2.19. This signal containsthe typical breathnoise of shakuhachi
playing. With otherinstrumentsthe residualsignalrevealsto us the clicking of the keys of a clarinet,the

scratchingof the bow of violin, the soundof the hammerof a pianohitting the string, without any traceof

thevibrationthatit triggered.

It is now easyto manipulatethe harmonicpart, giventhatevery singlecomponenbf the soundis accessible.
The two simplestbut mosteffective manipulationsbeing transposinghe soundand changingits duration,

bothindependenfrom eachother® Variousothermanipulationsare possible suchasselectvely detuning

theharmonicsor amorphingof the partial structurewith thatof anothersound.

Manipulatingthe residualpartis not that obvious, but canbe reasonablyaccomplishedy consideringt to
bearandomnoisesignalandcontrollingits spectralervelope(by filtering) overtime.

For anin-depthdiscussiorof additive analysisandsynthesistheideaof whichwasfirst publishedn [RM69],
see[Rod974.

2.3 Spectral Envelopes

In this section,| will givea moredetaileddescriptionof whatspectrakervelopesare.A spectral envelopeis
acurvein thefrequeng—amplitudeplane,derivedfrom a Fouriermagnitudespectrumlt describe®nepoint
in time (onewindow, to beprecise).Thefollowing propertiesaredesirablefor spectrakervelopes:

Envelopefit
The curve describesanenvelopeof the spectrumj.e. it wrapstightly aroundthe magnitudespectrum,
linking the peaks.

Regularity
A certainsmoothnessr regularity of the curve is required. This means the spectralervelopemust
not oscillatetoo much,but it shouldgive a generalideaof the distribution of the signal’s enegy over
frequeng.’

Steadyness
We wantthe curve to be steady(in the mathematicatenseof a steadyfunction),i.e. it hasno corners
(wherethefirst derivative jumps)’

From the examplesof spectralervelopesin figures2.20to 2.22 we seethat the characteristic®f musical
instrumentdeadto distinctive spectrakrnvelopes.The spectrakrnvelopealsoreflectsthe classof avowel (the
phonemsg in speechascanbeseenin figures2.23to0 2.25.

6Whenthe soundis representedsa sequencef samplesn time-domain changingthe durationwill alterthe pitch andvice versa,
e.g. atranspositiorof an octave (twice the original frequeng) will speedthe soundup by a factorof two. With nowvadaysfastDSP
chips,this canbe compensatetbr, but the soundquality sufiers proportionallyto the amountof transpositioror tempochange.

7| have deliberatelyavoidedthe term smoothnessere,sinceit could be understoodothasregularity andsteadyness-However, in
thelaterchaptersthetermsmoothnessiill beusedmeaningregularity, sincesteadynesis guaranteedavith the methodschosen.
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Figure 2.17. Spectrunof a shakuhachiflute andpartialsfound by additive analysis
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Figure 2.18 Spectrunof theresynthesizedinusoidapartof a shakuhachilute
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Figure 2.19 Spectrunof the non-sinusoidatesidualnoiseof a shakuhachflute
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Figure 2.20 Spectrumandspectrakenvelopeof the clarinetsoundof figure2.14
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2.3.1 Spectral EnvelopeCorrectionfor Transposition

In speechor in the singing voice, the spectralervelopeis quite independenbf the pitch (seesection2.4
for why this is so). However, if we transposehe vowel in figure 2.23up by oneoctave by multiplying the
frequencie®f all partialsby 2 andperforminganadditive resynthesisthe spectrakenvelopewill necessarily
be transposedlso. Figure 2.26 shaws this effect which soundsquite unnatural(it is sometimestermed
themidkey mouseeffecl). Theunnaturalnessomesfrom the factthatthe formantsareshiftedup oneoctave,
which correspondso shrinkingthevocaltractto half of its length. Obviously, thisis notthe naturalbehaiour
of thevocaltract.

To avoid this, the spectralervelopehasto be kept constantwhile the partials“slide” alongit to their new
values. This meansthat the amplitudeof a transposegbartialis no longerdeterminedby the amplitudeof
the original partial, but by the valueof the spectralervelopeat the frequeng of thetransposegbartial,asin
figure 2.27. This way, only the partialsare shifted,but the spectralervelopeandthusthe formantlocations
staythe same makingthe vowel soundnatural.

For aneasiercomparisonfigure 2.28shawvs the spectrakenvelopesof thetransposedoundwith andwithout
spectrakrnvelopecorrectionpnafrequeng grid spacedt366Hz intervals,thefundamentafrequeng of the
transposedound.It canbe clearly seenthatthe partialsof bothareat the samefrequenciesbut at different
amplitudes,andthat one spectralervelopeis the stretchedversionof the other (althoughthe compressed
spectrakernvelopelackssomeof the detailsof the stretchedne).

2.3.2 Vibrato Tracing of Spectral Envelopes

Xavier Rodetremarledthataninterestingway to obsene the true spectralervelopeof the singingvoiceis

to exploit its independencef pitch, making useof the small but fastvariationof pitch while singingwith

avibrato. In onetestrecording,during oneperiodof vibrato of c.a. 200 ms, the fundamentafrequeny fo

oscillatesaround149 Hz by a maximumdeviation in frequeng of by = 3.4Hz. The harmonicpartialsat
k times f, frequeng follow, andoscillateby & - by. Becausehe spectralervelopestaysfixed, they sweep
underneatlits curve, tracingsmall portionsof its contour but neverthelesgiving its exactslope.

Figure 2.29 shows the partialsof all the 20 time-framesduring one period of a vibrato, collapsedtogether
into oneframe. (The datawasgeneratedy NathalieHenrich[Hen98.) In figure 2.30,a close-upof figure
2.29,thetracesleft by eachpartialwhile they follow the oscillationof the fundamentafrequeny shav up
asdistinctgroupsof crossesAll in all, at higherfrequenciesthe amountof irritating factorsaugmentsand
morenoiseis apparent.

2.4 The Source—Filter Model of SpeechProduction

Becauseone of the main applicationsof spectralervelopeswill be the improvementof the analysisand
synthesif the singingvoice,we will take alook at a somavhatsimplifying, but practicalmodelof speech
production.lt is well groundedn phoneticandphonologicalresearctandappliesto the singingvoice also.
For moredetailssee[CY96].

We distinguishtwo typesof voicing:

Voicedspeechis generatedby the modulationof the airstreanof thelungsby periodicopeningandclosing
of the vocalfolds in the glottis or larynx. This is usede.g. for vowels andnasalconsonantsike /m/,
In/.

Unvoicedspeechis generatedy a constrictionof the vocaltract (seefigure 2.31) narrov enoughto cause
turbulent airflow, which resultsin noise,e.qg. in fricativeslike /f/, /s/, or breathyvoice (wherethe
constrictionis in theglottis). Unvoicedplosiveslike/p/, /t/, Ik/ fall into this category, too.
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Figure 2.28 Transpositiorof voice: Thespectrakernvelopesof figures2.26and2.27arelayeredto shav the
effectof transpositiorwith andwithout spectralkenvelopecorrection
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Figure 2.29 Spectrakernvelopeof the singingvoicetracedby avibrato. The crossesnarkthe partialsin the
frequeng—amplitudeplaneof all time-framesrom oneperiodof thevibrato. The spectralenvelopefollows
theslopeexactly.
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Figure 2.30 Enlagemenibf figure2.29

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

Froma signalprocessingpoint of view, this beha/iour canbe modeledby a linearsystem(seesection2.1.4)
asshown in figure 2.32. The sourceis modeledby eitheranimpulsetrain for the voicedspeectcomponent,
or arandomsignalfor the unvoiced componentyielding an excitation signale(n) with Fourier transform
E(z). Theactualsourceis the waveform of the vibration of the vocal folds or the turbulencecausedoy a
constriction.lts spectrunis obtainedby filtering with the sourcefilter S(z). Then,the effect of the shapeof
thevocaltractis modeledby V (z). Finally, theradiationcharacteristicsf the lips aretakeninto accountoy
L(z).

By theassociatiity of linearsystemgequation(2.16)),thesethreefilters canbecombinedo onesinglefilter
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Figure 2.32 Source—filtemodelof speectproduction

H(z) by multiplicationof their respectie transferfunctions:
H(z)=S(z)V(z)L(2) (2.29)

While the sourcespectrumS(z) andlip radiationL(z) are mostly constantandwell known a priori, the
vocaltracttransferfunctionV (z) is the characteristipartto determinearticulation andthusthe contentof
thespeectbeinguttered.It deseresthereforeour specialattentionanda closerlook how it canbe modeled
adequately

Radius

Figure 2.33 Acoustictubemodelof thevocaltract

The Acoustic Tube Model

Thevocaltractcanbeviewedasanacoustictube of varyingdiameter We canabstractromits curvatureand
divide it into cylindrical sectionsof equalwidth asshawvn in figure 2.33(to berotatedaroundthe horizontal
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axis). Dependingon the shapeof the acoustictube (mainly influencedby tongueposition), a soundwave
travelling throughit will bereflectedn acertainway sothatinterferencesvill generateesonancestcertain
frequenciesTheseresonancearecalledformants. Theirlocationlargely determineshe speechsoundthat
is heard.

Like in every model, somedetailsof the compleity of the vocal tract have beenomitted. First of all, the

nasaltractis completelyignored. This secondcavity is shapedvery irregularly andintroducesadditional

resonanceandanti-resonancefasalzeros),becausef the effect of coupling. Fortunately the zerosare

not vital for the recognitionof the speechsound® Next, certainspeectsounddike laterals(e.qg. /I/) have a

tongueconfigurationwhichis notatall well describedy a simpleacoustidube. Also (non-linear)coupling

effectsbetweerthe vocaltractandthe glottis arenot takeninto account.Finally, the modelneitherrespects
theviscuosityof thewalls of thevocaltract,nordampingthatoccurs.

Someof thesedrawbacksapply alsoto the source—filtermodel, but taken asa model of the speechsound,
ratherthanthe speectproduction,it senesremarkablywell. Especiallyit providesuswith a definitionof a
spectralervelopefor the voice: The spectralervelopeis the transferfunction of thefilter part H(z) of the
source—filtemodel,asin equation(2.29). Thus,to estimatethe spectrakernvelope we needto separatdd (z)
from E(z), the Fouriertransformof the excitationsignal. Becausehefinal speectsignalis a corvolution of
the sourcesignalwith the impulseresponsef thefilter H(z), thisis calleddecorvolution. Chapter3 will
presensomemethodgo accomplishthis.

The source—filtermodelappliesto a large classof instrumentsalso,especiallythosewhich usearesonating
bodyto amplify the oscillationsof a source.For examplein stringinstrumentdik e the guitaror violin, the
corpuswill have resonanfrequenciegandanti-resonancesyuchthatit actsasafilter (albeitconstanbover
time, contraryto thevoice). Also in wind instrumentdik e the trumpet,the spectralervelopewill be highly
independenbf the pitch, but varying with playing style (dynamics,lip pressureand stiffness),andit will
determinghetimbreto alargedegree.

2.5 The Software-Environmentat IRCAM

This sectionwill give abrief overview of the softwaresystemdor soundanalysis synthesisandprocessing
developedat IRCAM which are relatedto spectralervelopes. First, the systemswhich will usespectral
ervelopeswill be shortly described.Then,the systemghe spectralervelopelibrary is baseduponwill be
presentedLater, chapter8 will explain how eachsystemcould benefitfrom spectralervelopehandling. In
fact,mostof the programswill make useof the spectrakernvelopelibrary developedin this project.

ADDITIVE

The ADDITIVE program[Rod97h performsthe additive analysisandresynthesislescribedn section
2.2. It analysesa soundfile accordingto the sum of harmonicsinusoids(harmonicpartials)model
whosefrequenciesireintegermultiplesof thefundamentafrequeng fo. Notethatit is crucialto know

the (time-varying) fundamentafrequeny asexactly aspossibleto be ableto recognisethe harmonic
partials. Therefore a first analysisstepconsistsof pitch estimation afterwhich the parametersf the

partials(numbeyfrequencyamplitudeandphasg areestimatecandwritten to a parametefile called
format file. The numberparametegroupsthe resultingpartialsinto tracks or partial trajectories.

The synthesisstagetakes a partial parameteffile asinput and computesa syntheticsignalwhich is

closeto the original signal. In fact, substractinghis resynthesisedinusoidalsignalfrom the original

leavestheresidualpartof thesignal,i.e. everythingwhich can't berepresentetly harmonicsinusoids.
This provesthetremendousccurag of the additive analysismethodused.

HMM
The HMM program[DGR93 usesa moregeneralizecapproactto additive analysis. The underlying
modelis nolongerrestrictedo harmonicsinusoidshutincorporatesnharmonicsinusoidqatfractional
multiplesof the fundamentafrequeng) aswell. Partial trackingis doneby a purely combinatorial
Hidden Mark ov Model, usingtheViterbi algorithm. A partialtrajectoryis consideredsasequence
of peaksin time which satisfiescontinuity constraintson the slopesof the parameters.The method
evenallowsthefrequeng linesof partialtrajectoriego cross.

8They can,however, leadto problemsin formantdetectionwhenthey arecloseto the centerfrequeng of a (broad)formant,they
seento splitit into two formants.
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XTRAJ
To displaypartialparametefiles generatedy AbDITIVE or HMM graphically theprogramXTRAJ, a
descendemf X GRAPH, plotsthe partialtrajectoriesn thetime—frequeng plane while theamplitude
of the partialsis codedby colour(seefigure2.34).

CHANT
The CHANT project[RPB84,RPB85]was originally intendedfor the analysisand synthesisof the
singingvoice, but was quickly expandedo cover generalsoundsynthesisy rule. It is basedon the
FOF modelof synthesigseesection4.5), a flexible andfasttime-domainadditive synthesismethod.
Today CHANT is implementedn the CHANT-library [Vir97], which is controlledby DIPHONE (see
below).

DIPHONE
DipHONE [RL97] is agraphicalsoundcompositiorervironmentwhich controlsadditive synthesisand
CHANT. It runson Apple Macintoshandis expandableby plugins(eachsynthesignethodis in facta
plugin). Thecentralconcepbf the programis thatof concatenatingliphonesA diphoneis asegment
of a parametricdescriptionof sound. When diphonesare combinedto sequencesthe overlapping
partsbetweenthemwill beinterpolatedallowing e.g. for astoundingnorphingbetweencompletely
differentsounds.

FTS/ MAX / jMax

FTS (FasterThanSound [Puc91h is IRCAM’ s real-timesignalprocessingystem controlledby the
graphicalprogrammingervironmentMAX [Puc914. It wasfirst developedto run on the IRCAM

Signal ProcessingNorkstation(ISPW), a custom-hilt 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 userinterfacejMax is basedon

Java. It is amodular extensiblesystemwhich allows for the setupof any soundsynthesisandsignal
processinglgorithm.
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Figure 2.34 Displayof partialtrajectoriesof atenor’s vibratowith X TRAJ

Thefollowing softwaresystemsareusedby the spectrakrnvelopelibrary:
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ubDl

The Universal DSP Interface [WRD92] is a portablelibrary of digital signalprocessingoutines. It
providesthe commonlyneededvectorand signal processingperationswhich will run on a general
purposecomputeraswell asonfastspecializedSPhardware,if present.

Pm

Pm [Gar94 is a library for additive analysis,transformation,and synthesis. It is the basisfor the
ADDITIVE program. To the spectralervelopelibrary, it providesfunctionsand dataabstractiongo

handleandmanipulatesetsof additive partial parameterstime-framesof setsof partials,andbreak-
pointfunctions.

STTOOLS
The STTooLs library handlesthe input, output, and corversionof soundfiles. Both standardfile
formatslike AIFF (Audio Interchangerile Format) andthe IRCAM's sf  soundfile format canbe
used.Thislibrary is alsothe basisfor the command-lingoolsto corvert, query andplay soundfiles.

SDIF

TheSDIF (SoundDatalnterchange Formal) [Vir98] is afile formatdevelopedoy IRCAM andCNMAT
(Centerfor New Music andAudio TechnologiesBerkeley) which standardizeandunifiesthe various
representationfor sounddatawhich surpassa simpletime-domairrepresentatioasa sampledsignal.
SDIFis anopen,extensible framebasedormat. It cancombinemultiple time-taggedramesof data
of differenttypes,andis optimizedboth for archiving andfor streaming. At IRCAM, it is already
usedfor CHANT andadditive synthesis. An SDIF-library exists which offers functionsto readand
write data,anddefinenew datatypes. This projectaddedthe definition of new datatypesfor spectral
ervelopes Which aredescribedn detailin section7.5.



Chapter 3

Estimation of Spectral Envelopes

Estimationis thetaskof computingthe spectrakernvelopeof asignal. First, the generakrequirementgor this
stepwill beintroducedin section3.1, thenthe estimationmethodsLPC, cepstrumanddiscretecepstrum
will be describedin the following sections3.2—3.5. Thesedescriptionswill proceedfrom a non-formal
introduction (what the algorithm doeg to a detailedformal development(how it is dong, in somecases
followedby a definition of the classof the algorithmin the taxonomyof signalprocessingystems.For the
discretecepstrunmethod,anevaluationwill be presentedn section3.6.

As the methodsfor spectralervelopeestimationdescribedn this chapterall have their strongand weak
points,dependingn the signalandthe needsf the user all methodshave beenimplementedn the spectral
ervelopelibrary, to keepit asflexible aspossible.

3.1 Requirements

The requirementdor the estimationare basicallythe fulfillment of the propertiesof spectralervelopesas
describedn section2.3,with someadditionsandprecisations.

Exactness
A precisehit onthepointin thefrequeng—amplitudeplanedefinedby a sinusoidabartialis desirable.
In section2.3this wascalledthe envelopefit property in thatthe spectralervelopeis anenvelopeof
thespectrumj.e. it wrapstightly aroundthe magnitudespectrumlinking the peaks.

The degree of exactnesds determinedby the perceptualabilities of the humanear In the lower
frequeng range,it candistinguishdifferencesn amplitudeassmallas1 dB. For higherfrequencies,
thesensitvity is alittle lower.

Sometimest is not possibleto link every peak,e.g. whenthe additive analysisfinds a groupof peaks
closeto eachotherin the upperfrequeng range. Then,the spectralenvelopeshouldfind a resonable
intermediatepath,e.g.throughthe centerof gravity of eachfrequeng slice of thecloud.

Robustness
The estimationmethodhasto be applicableto a wide rangeof signalswith very differentcharacteris-
tics, from high pitchedharmonicsoundswith their wide spacedartialsto noisy soundsor mixturesof
harmonicandnoisysoundsVery often,theproblemdie in additive analysisn thatvery low amplitude
peaksareidentifiedassinusoidapartialsalthoughthey pertainto theresiduakhoiseor evento thenoise
floor of the recording. This is alsoa questionof choosingthe right parametergor additive analysis,
e.g.thethresholdfor partialamplitudes.

Regularity
A certainsmoothneser regularityis required.This meansthe spectraknvelopemustnot oscillatetoo
much, but it shouldstill give a generalideaof the distribution of the signal’s enegy over frequeng.
Thistranslatedo arestrictionon the slopeof theervelope(givenby its first derivative), whichmaybe
dependenbn context.

30
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Steadyness
We wantthe curve to be steady(in the mathematicatenseof a steadyfunction),i.e. it hasno corners
(wherethefirst derivative jumps).

3.2 LPC Spectral Envelope

LPC (linearpredictive coding,see[MG80, Opp78 Rob99) is anearly methodof digital signalprocessing,
developedoriginally for speechtransmissiorand compression By the specialpropertiesof the method,it
canalsobe usedfor spectrakrnvelopeestimation.

TheideabehindLPC analysisis to represeneachsampleof a signals(n) in the time-domainby a linear
combinationof thep precedingvaluess(n — p — 1) throughs(n — 1). p is calledthe order of theLPC.The
approximatedralue §(n) is computedfrom the precedingvaluesand p predictor-coefficients(also called
LPC-coefficientg a; asfollows:

5(n) :Zais(n—i) (3.1)

Now, for eachtime-frame the coeficientsa; will be computedsuchthatthe predictionerrore(n) = §(n) —
s(n) for this window is minimal. For transmissionit is sufficentto sendthe p coeficientsandthe residual
signale(n), which usesa smallerrangeof valuesand canthusbe codedwith fewer bits. The receiver can
easilyrecovertheoriginal signalfrom e(n) andthea;.

s(n) o e(n) . s(n)
— =1  Analysis Filter |- = Synthesis Filter ——=

R

Figure 3.1: LPC-analysisandsynthesidor transmission

Transmitterandrecever canalsoberegardedasalinearsystemwith anadaptvefilter, asshovnin figure3.1.
Whathappensvhentheresidualsignale(n) is minimized,is thatthe analysisfilter with atransferfunction
givenby

p

Alz) =1-> az™ (3.2)

i=1

tries to suppresshe frequenciesn the input signal s(n) that have a high magnitude,in orderto achieve
a maximally flat spectrum(this is sometimescall whitening of a spectrum). The synthesisfilter on the
receving sideis theinverseof theanalysidilter: It amplifiesthefrequencieshathave beenattenuatedby the
transferfunction of the analysidilter

1 1
Az) 1= a;z? (3.3)

As can be seen,the synthesisfilter 1/A(z) is an all-pole filter, sinceits transferfunction is definedby

a rational function with no zeropointsin the numeratorbut with p zeropointsin the denominatorA(z).

Becausghesezeropointscomein compe-conjugatepairs,theabsolutevalue(the magnitudepf thetransfer
functionof theresultingfilter shavs p/2 poles or peaks.

Astheanalysidilter triesto flattenthe spectrumit will adaptto it in away thatits inversefilter will describe
thespectraknvelopeof thesignal. As the orderdecreasef.e. fewer polesareavailable),the approximation
of thespectrakenvelopewill becomecoarserbut theenvelopewill neverthelesseflecttheroughdistribution
of enepgy in the spectrum This canbe seenin figure 3.2.

For the actualevaluationof the predictorcoeficientsto minimize the predictionerror, two classeof meth-
odsexist: the autocovariance method andthe autocorrelation method. Both have their advantagesand
disadantagegOpp79, however, the autocorrelatiormethodis morewidely used,sinceit canbe efficiently
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Figure3.2 TheLPCspectraknvelopeof amongolianchant.As theorderincreasesnorepolesareavailable
to themodel,andthe envelopefollows the spectrunmoreaccurately

implementedusingthe Durbin—Levinsonrecursion | won't elaborateon the methodshere,sincethey are
amplydescribedn theliterature.

In the courseof evaluationof the predictorcoeficients, an intermediateset of parametersthe reflection

coefficientsk; areobtainedwhich, in fact, correspondo thereflectionof acoustiovavesat the boundaries
betweensuccessie sectionsof an acoustictube, as presentedn section2.4. Thesecoeficients have ad-

vantagedor synthesisandcanbe interpolatedwithout problemsfor the validity (stability) of the resulting

synthesidilter.

Variousotherparametesetsexist[MG80, Rob9§: therootsof theanalysidilter A(z), log arearatios(LAR),
thelogarithmof theratiosof the areasof the sectionsof the acoustidubemodelgivenby iAi = %jr—,’j the
line spectrapairs,andothers.Sinceit is possibleto corvertbetweerthem,they don't needto be considered

separatelyor representation.

Disadvantagesof the LPC method

A disadwantageof the LPC spectralenvelopein analysingharmonicsoundgsoundswith a prevalentpartial
structure)s thatit will tendto envelopethespectrunastightly aspossibleandwill undercertainconditions
descenddown to the level of residualnoisein the gap betweentwo harmonicpartials. This will happen
wheneverthe spacebetweerpartialsis large,asin high pitchedsoundsandwhenthe orderis high enough,
i.e. thereareenoughpolesto cometo lay on every partial peak.Seefigure 3.3 for anexampleof this effect.

3.3 Cepstrum Spectral Envelope

The cepstrumis amethodof speectanalysishasedn a spectrakepresentationf the signal. To explain the
generaldeaof thecepstrummethodusedfor spectrakrnvelopeestimationtwo approachearepossible First,
onecansimply think of obtainingthe spectralernvelopefrom a Fouriermagnitudespectrumby successiely
smoothingits curve to getrid of the rapid fluctuations.This boils down to applyingalow passfilter to the
spectrum,interpretedas a signal, which lets only the slow fluctuations(low frequeng oscillationsof the
curve) passhencethe smoothing.

Secondrememberinghata signalcanbeviewedasa corvolution of a sourcesignalwith afilter, we have to
somehav separatehe sourcespectrumfrom thefilter transferfunction, which is a very good estimationof
thespectraknvelope.
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Figure 3.3 Problematicbehaiour of the LPC spectralkenvelopeestimationwhenthe partialsarespacedar
apart.The LPC of order40 reachesnostof the peaks put “hangsdown” in betweenwhile the LPC of order
16 reache®nly two peakexactly anddescribeshe averagebetweerpeaksandresidualnoisefor therest.

Accordingto the source—filtermodel of speechproductionintroducedin section2.4, a speectsignal z(n)
canbeexpressedsa cornvolution betweera sourceor excitationsignale(n), producedoy theglottis, andthe
impulserespons®f thevocaltractfilter i (n):

x(n) =e(n) * h(n) (3.4)
In frequeng-domain,this convolution becomeshe multiplication of therespectie Fouriertransforms:
X(w) = E(w) - H(w) (3.5)

Taking the logarithm of the absolutevalue of the Fourier transforms(the magnitudespectra,seeequation
(2.11)),themultiplication of equation(3.5) is corvertedto anaddition:

log [X ()| = log|E(w)| + log | H (w)| (3.6)

If we now apply a Fourier transfornt to the logarithm of the magnitudespectrum we get the frequeny
distribution of the fluctuationsin the curve of the spectrunt, which s calledthe cepstrum:

c=F"(log |X(w)]) = F~ (log|Sw)]) + F~ ' (log|H (w))) 3.7)

Underthereasonablassumptiorthatthe sourcespectrumhasonly rapid fluctuations(the excitation signal
e is a stable,regular oscillation of around100 Hz), its contribution to ¢ will be concentratedn its higher
regions, while the contribution of H will be the slow fluctuationsin the spectrumof X, andwill therefore
be concentrateanly in the lower part of ¢, ascanbe seenin figure 3.4. Thus,the separatiorof the two
componentdbecomedrivial: Only thefirstp ¢, ... c, of the cepstralcoeficientsc; arekept, wherep is
calledthe order of the cepstrum.Theserepresenthe low frequengy componentsi.e. the slowly changing
fluctuationswhencethe smoothingof the spectrumX to becomea spectrakervelope.This smoothingeffect
canbeseenin figure3.5.

1In fact, we apply an inverseFourier transformbecausehen we get back the right units and quantitiesof time and amplitude.
Comparingequationg2.9) and (2.10), it canbe seenthat the Fourier transformdiffers from the inverseFourier transformonly in a
scalingfactorandthe signof the exponent.
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Figure 3.4 The cepstrume itself. The quefreng is given asthe index i of the cepstralcoeficients ¢;
(normally; it is measuredn seconds).Ilt canbe seenthat mostinformationis concentratedn the left part,
up to order20. The sharppeakat about84 correspondso the distanceof the regularly spacedobesin the
spectrumin figure 3.5, which arethe harmonicpartialsat integer multiples of the fundamentafrequeng.
Thisis the contribution of the sourcespectrum.
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Figure 3.5 Thecepstrunspectrakenvelopeof amongolianchant

The unit of the cepstrumwas baptisedquefrency, by virtue of inversingthe syllablesof frequencyanalog
to cepstrumstemmingfrom an inversionof spectrumto reflectthe propertiesof the method.Variousother
nomenclaturdave beeninventedadheringto the samestyle, but only thesetwo new wordshave caughton.

In thetaxonomyof signalprocessingnethodsthe cepstrunbelongsto the classof homomorphic deconvo-
lution methods.

To finally obtainthe spectralervelopefrom the cepstralcoeficients,onedefinesthe frequencies; atwhich
the value of the envelopeis to be obtained(the bins of the ernvelope). Usually, one wantsn equidistant
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frequencieaip to the Nyquistfrequeny f,/2:
2
fi= i—fS/ , i=1.n (3.8)
n

Then,afterpassingo angularfrequencies

27
fs
theervelopevaluew; for frequeng f; is
p
Ui = exXp Z ¢j COS jw; (3.10)
j=1

Notethatmostof this expressioris independenof the ¢;, especiallytheexpensve cosineevaluation,andcan
thereforebe precomputedisan (n, p) matrix ® with

®;; =cosjw; (3.11)
sothatequation(3.10)becomes

v=exp(P-c) (3.12)

Disadvantagesof the Cepstrum Method

Therearetwo disadwantage®f thecepstrunmethodof spectraknvelopeestimation First, asthe cepstrurnis
essentiallyalow pasdiltering of thecurve of the spectruninterpretedasasignal,it will actuallyaverage-out
thefluctuationsof the curve of the spectrum.The effect canbe seenin figure 3.5. This is not whatwe want,
becausdhenthe resultingcurve hasno longerthe enveloping propertyto link the peaksof the curve (cf.
section2.3).

e Log magnitude spectrum
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Figure 3.6. Problematicoehaiour of the cepstrunmspectrakrnvelopeestimationrwhenthepartialsarespaced
farapart.

Secondsimilarto LPC, in analysingharmonicsoundgwith a conspicuougartial structurexhey will follow
the curve of the spectrumdown to the residualnoiselevel in the gapbetweentwo partials,especiallywhen
thepartialsarespacedar apartasfor high pitchedsounds Seefigure 3.6 for anexampleof this behaviour.
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3.4 Discrete Cepstrum Spectral Envelope

Contraryto the previous two methods,LPC, which is computedfrom the signal, and cepstrumwhich is
computedfrom a spectralrepresentatiomf the signalwith pointsspacedregularly on the frequeny axis,
the discretecepstrumspectralernvelopeis computedrom discretepointsin the frequeng/amplitudeplane.
Thesepoints,which do nothave to beregularly spacedn frequeng, arethe spectrabeaksof asoundwhich
will mostoftenbethe sinusoidalpartialsfound by additive analysis(seesection2.2).

As describedattheendof sections3.2and3.3,the LPC or cepstrumspectralkernvelopeswill bothexhibit the
problemto descendiown to the level of residualnoisebetweenpartialswhich are spacedoo far apart,as
canbeseenin figures3.3and3.6.

Thediscretecepstrumio the contrary will notcarefor anythinggoingon in the signalexceptthe partials.It
will generate@ smoothlyinterpolateccurve which triesto link the partialpeaksasin figure3.7.

TOONG Log magnitude spectrum
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$ Partial peaks
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Amplitude [dB]
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Figure 3.7: Exampleof a discretecepstrunmspectrakenvelope
The following methodto estimatethe discretecepstrumwasdevelopedby Thierry Galasand Xavier Rodet

in [GR90, GR91a,GR9I1K. A givensetof spectrapeaks(partials)with amplitudest; atfrequenciesv;,i =
1..n, definesa magnitudespectrumX as

X = i x40 (w;) (3.13)
=1

We considerX to betheresultof acornvolution
X=S5-P (3.14)

whereS is the sourcespectrumwith amplitudess; atthe samefrequenciesy; asfor X
i=1

and P is afilter transferfunctionof afilter modeledby

P

Plw) = [ eeeose (3.16)

=0
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Assuminga flat sourcespectrumS (w) = 1 for all w, all we needto doiis find thefilter parameters; which
minimize the quadraticerror E betweerthe log spectra.This error criterionis developedfrom theideaof a
spectradistance.

E="Y"(logs;P(w;) —log ;)* (3.17)
=1

To achieve this, onehasto simply solve the matrix equation
Ac=1b (3.18)

whereA is amatrix of orderp + 1, wherep is calledtheorder of thediscretecepstrumgivenby
n
aij = Z COSWkE COS Wk] (3.19)

k=1

c is thevectorof filter parametersve’re looking for

c= ( Cl ) (3.20)

andb ist the columnvectorgivenby
" T
b = Zlog 2k cos Wi (3.21)
Sk
k=1
Thematrix A canbe computedvery efficiently by usinganintermediatevector R givenby
1 n
=g kz_:l COS W1 (3.22)

SOthataij = Titj + Ti—j-

The matrix equation(3.18) can be efficiently solved applyingthe Cholesly algorithm, which factorisesA
suchthat

A=UDU' (3.23)

whereU is aninferior triangularmatrix whosediagonalelementsare1, U’ is thetransposednatrix (i.e. it is
a superiortriangularmatrix, and D is a diagonalmatrix. Now the matrix equationcanbe solved by simple
substitutionanddivision.

The asymptoticcomplexity of the discretecepstrummethoddescribecaboveis O(np + p*), which means
thatthe numberof partialsr is not of a big concernsincetheorderis linearin n, but thatthe orderp hasto
bekeptassmallaspossible pecausef its cubicinfluence.
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Figure 3.8 Theeffectof regularization:theunregularizeddiscretecepstrunmspectrakenvelope(A = 0) showvs
alarge humpbetween3500and4000Hz, whereaghe curve regularizedby a factorof A = 0.0005 behaves
nicely.

3.5 Impr ovementsof the Discrete Cepstrum Method

3.5.1 Regularization

The techniqueof regularization,developedin [GR90, COM97] improves the smoothnes®f the spectral
ervelope.lts ideais to penalizetoo steepa slopeof the spectraknvelopeby addingaregularizationterm A\B

to thematrix A4, definedin equation(3.19),whereB is aquadratianatrix of sizep + 1, thediagonalof which

is definedby:

bis =8 (i — 1)°. (3.24)

Thenthediscretecepstrumalgorithmproceedssin section3.4.

Theeffect of regularizationcanbe seenin figure 3.8. The disadwantageor regularizationis thatsometimes
steepslopeis necessaryo reacha singleextremelysituatedpeak,aswith thelow peakat about3400Hz in
thefigure. With regularization the curve falls shortof reachingt.

3.5.2 StochasticSmoothing(The Cloud Method)

Thecloudmethoddevelopedby Thierry GalasandXavier Rodetin [GR9( is awayto getasmoothespectral
envelopewith the discretecepstrumalgorithm. The methodgenerates cloud of pointsaroundeachpartial
onthefrequeng—amplitudeplaneto give the discretecepstrumalgorithmmorefreedomtrying to fit acurve
thatlinks all the partials.

Figure3.9 Thecloudof pointsarounctheoriginal partialgeneratedby stochastiemoothingwith indifferent
slope(left), andwith a hint for arising slope(right)
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The addedpoints z; .4 are displacedfrom the original point xp at frequengy f, and amplitudeao by a
frequeng shift f andanamplitudefactora asshovnin figure 3.9 left:

z1 = (fo—f, aoa) (3.25)
z2 = (fo — f, ao/a) (3.26)
23 = (fo + f, ao-a) (3.27)
za = (fo + f, ao/a) (3.28)

Furthermorethe shapeof cloud canbe usedto influencethe behaiiour of the spectrakervelope,if additional
informationis known, asshawn in figure 3.9 right. For example,with a configurationasin thefigure, if it
wasknown thata pointis situatedin therising slopeof aformant,the spectrakenvelopecouldbeinfluenced
to alsopreferarising slope.Thedisplacemenof the addedpointsis givenby

z1 = (fo — f2, avaz) (3.29)
€2 = (fo —f1, ao/a1) (3.30)
x3 = (fo + f1, ap-a1) (3.31)
T4 = (fo —l—fz, ao/az) (332)

However, to avoid too stronga deviation of the spectrakenvelopefrom the original point, weightingis intro-
ducedin the discretecepstrumalgorithmto attenuatehe influenceof the addedpointswith respecto the
original point. Theoriginal point is weightedwith a factorof 5, whereaghe addedpointsareweightedwith
afactorof 1, asexpressedy thethicknesof the pointsin figure 3.9. Theweightingh; is introducedn the
calculationof the errorcriterionin equation(3.17):

E="h;(ogs;P(w;) —loga;)* (3.33)
=1
Thus,equation(3.19)will become

n
a;; = Zhi COSWyi COSWy,J (3.34)
k=1

andequation(3.21)is changedo

n
Tk .
b; = Z h; log i COS Wy, i (3.35)
k=1

Fromamoreformal pointof view, the cloudmethodis in factareplacementof eachoriginal partial (spectral
peak)(w;,z;) by a probability distribution 7;(w, ). This is dueto the impossibility of knowing the pre-
cisepositionof the spectralpeakswhich is reflectedby the probability distribution, while beforea perfect
knowledgeof the spectrapeakswasassumed.

Thenew errorcriterion,assuming; = h; = 1,is:
E=Y // mi(w, ) (log si P(w;) — loga;)” dwda (3.36)
=1

Thedistribution 7; canbe sampledj.e. eachspectrapeak(w;,z;) is replacedy a setof peaks(wy, zt), t0
yield thecloudof pointsdescribedat the beginningof this section.Formally, for a gaussiardistribution

(W, ) = e o (@) =B (w—w)® (3.37)

theweightswould thenbe b, = w(wy,,z;,).

Figure3.10shavstheimprovemenibf discretecepstrunspectrakrnvelopeestimationwith stochastiemooth-
ing. Thecloudmethodcanalsobecombinedwith regularizationdescribedn section3.5.1to furtherimprove
results.
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Figure 3.10 Improvementof spectralernvelope estimationwith stochasticsmoothing. The ernvelope
smoothedby the cloud algorithm reacheghe two low frequeng peaks,while the regularizedervelopeis
toorestrained.

3.5.3 Logarithmic FrequencyScaling

As we have seenin section3.4, the discretecepstrumalgorithmis of cubic complexity in p, the order of
the discretecepstrum.This meanshat we musttry to reducethe ordernecessaryor a good estimationof
the spectralenvelope,to keepcomputatiortimesshort. Oneway to achieve this is to judiciously spendthe
precisenessr resolutionwhereit is mostneededandreduceit whereit is not soimportant.We canexploit
the propertiesof the humanauditorysystemfor thatmatter

Due to the logarithmic frequeng resolutionof the humanhearing,which alsoled to the mel frequeng
scale,we don'’t needto be very exactwith the spectralervelopein higherfrequeng ranges.It sufficesto
representhe roughlocationof enegy, whereadn the low frequenciesyery slight deviationsin frequeny
andamplitudeareperceptible Thereforewe canintroducealogarithmicfrequeng scalingsimilar to themel
scaleassuggesteih [GR914, whichis linearbelow a givenbreak fr equency andlogarithmicabove. The
mel scaleis definedby

f"fL*: if f</f

me'(f):{ fmr (Lt logyy £) i f> 1y (3.38)

where f; is thebreakfrequeng andf,, is themelfrequeng atthebreakpoint.

Taking this formula directly posesproblems becausdrequenciesan surpasshe Nyquist frequeny f,/2,
whichis to beavoided,becausét disturbsthe validity of the subsequentalculationsNormalizingtherange
of themel functionto within the Nyquistfrequeng yields:

51 it f<fo
melnorm(f) =4 7+ " ) = (3.39)
"5 {(1“‘10%10%;)']% it f>h
where f,, is thenormalizationfactorgivenby
1
5/s (3.40)

1
2

1+ log,, f]f

Thenew logarithmicscalingfunctionmelnormno longerdepend®n f,,, .
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Figure3.11 Effectof logarithmicfrequeng scaling.Thehigherpartof thespectrakrnvelopeis quiteinexact,
but theaccuray in thelow frequeng range(below the breakfrequeng of 2500Hz) is muchbetter

Theeffectof logarithmicfrequeng scalingcanbe seenin figure 3.11.

As an additionaladvantage spectralervelopesstoredwith a logarithmicfrequeng supporttake lessspace.
Also the compleity of synthesicanbereducedvhentherearefewer pointsneededo representa spectral
ervelope.

To retrieve the spectralervelopefrom cepstralcoeficientsobtainedwith logarithmicfrequeng scaling,the
frequencies; of the binsof theernvelope(seeendof section3.3) have to be corvertedto logarithmicscale:

f{ = melnorm(f;) (3.41)

Thenproceedwith equationg3.9) and(3.10).

Thereis onepitfall in theapplicationof logarithmicfrequeng scaling: Performingthe linearto-logarithmic
transformatiorbeforeapplyingthe cloud deteriorateghe resultsslightly. To seewhy this is so, remember
thatthe cloud algorithm(section3.5.2)addspointswith a constantinear shift aroundeachpeakfrequeng,
whichwill subsequentlpestretchedor thelinearpartor unsymmetricallycorvertedto thelogarithmicscale
for therest.

3.5.4 Adding Points to Control the Envelope

Therearetwo situationswherethe behaiour of the discretecepstrunspectralervelopehasto be controlled

by addingartificial pointsto the partialsfor discretecepstrumestimation: at the bordersand betweenthe

highestpartialandthe upperborder If the cloud methodof stochastismoothing(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 frequenciesn andat (f;/2 — m) with half the amplitudeof the low-

est/highespartial,respectrely. Thiswill forcethespectraknvelopeto have adownwardslopeattheborders.
Thus,if—by downwardtranspositiorof the partialswhile keepingthe spectralervelope—theres a partial
which is movedto lower frequenciesthereis no risk thatit will suddenlyrise in amplitude,but it will be
fadedout smoothly Figure3.12shawvsthe effect of addingborderpoints.

However, if the frequeny of the lowestpartialis lessthanm, the low borderpointis not added sincethis
would obviously causean unjustifieddip in the spectralervelope,which would disturbthe smoothnesswe
don't have to worry aboutthe borderconditionthenanyway, sincethenthe lowest partial would be very
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Figure 3.12 Effectof addingborderpointsto controlthe spectrakenvelope

closeto the 0 Hz border constraininghe spectrakervelopeenoughto preventit from rising. Thesameholds
analogouslyfor the high borderpoint.

Thefilling points fill up a possiblegapbetweerthefrequeng of the highestpartialand f, /2 with very low
amplitudepeaks spacedt f, /2n (n beingthe numberof pointsof the enveloperequested)Thisis to avoid
too muchfreedomfor the spectrakervelope.If the spectralervelopewasunconstraineéh alargefrequeng
range,it would oscillatewildly.

3.6 Evaluation of Discrete Cepstrum Estimation

Theevaluationof discretecepstrunspectraknvelopeestimationdescribedn section3.4 senesto make sure
thatthe developedalgorithm performswell. Especiallythe propertythat the input pointsdon’t have to be
regularly spaceccanleadto large gapsandthustoo muchfreedomfor the envelope,suchthatthereis arisk
of bogushumpswherethe enveloperisessereraldB overthedesiredevel. If suchahumpoccursin onetime
frameonly, it canbeaudibleasanartefact(animpulse)in resynthesis.

To checkthat suchhumpsdon't occurwith the developedalgorithm, a large corpusof recordingsof the
singingvoice hasbeenevaluated.lt comprisest2 minutesof recordingsof a femalecoloraturasoprancand
a male countertenormadefor the film Farinelli [DGR94. The corpuscaoversthe upperfrequeng range,
wheretherisk for humpsis greatest.

The difficulty in evaluationis thatthe testif the estimatedspectralervelopeis well-behaed hasto be au-
tomatedto befeasible,but how canthis propertyof beingwell-behaed be describedo the automaton?f
we knew a formal descriptionof a well-behared spectralervelope,we would immediatelyimplementit as
an estimationalgorithm. We can, however, comparethe spectralervelopeto somethingthat is not eligible
to be a spectralervelope,but is close,andis guaranteedo produceno humps. This somethings the curve
obtainedby linear interpolation of the pointsin the frequeng—amplitudeplane. It is not a good spectral
ervelopebecausét hascorners.

The simplestapproachis to take the vertical distancebetweenthe linear interpolationand the estimated
spectralervelope,asshowvn in figure 3.13. The histogramof absolutedifferenceswhich shavs how their

numberis distributed,andthe point of maximumdifferencearerecordedandcanbe examinedlater, to see
how thedeviation canbe avoided.
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Figure 3.13 Principleof evaluationof the discretecepstrummethodby vertical deviation (left), anddiffer-
encein area(right)
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Figure 3.14 Exampleof evaluationof thediscretecepstrunmethod

A moresophisticatedpproachtakesthe areabetweenthe linear interpolationand estimatedspectralernve-
lope, asdemonstratedh figure 3.13 (right). Becausefor the humanhearing,upward deviationsare very
anng/ing, while downwarddeviationsarehardly noticedat all, it would suffice to considermositive areas.

The evaluationshawved somedeviationsfirst, which could be reducedby choosinga regularizationfactorof
A = 0.0005, afterthis, no humpsin sensitve frequeng rangesandat high amplitudescould be obsenred.
Figure3.14shavs suchacasewhereadeviation of over 16 dB occurscloseto 8000Hz, but it comesfrom a
sensibldanterpolationof the algorithmbetweerextremelyplacedpartialsatlow amplitudesandcanthusbe
ignored.



Chapter 4

Representationof Spectral Envelopes

The representationf spectralernvelopesis the pivoting point of the project. As we have seenin the previ-
ouschapteythe variousestimationmethodsesultin very differentparameterizationsf spectralervelopes.
However, the choiceof onecanonicakrepresentatiors essentiafor theflexibility of furtherprocessing.

Also, the choiceof a goodcanonicakepresentationf spectralervelopess crucial for their applicability to

a specifictask. The ability to manipulatehemin a usefulandeasyway, andthe speedof synthesidepend
heavily on the representationSpecifically the requirement®f locality, flexibility, speedof synthesisand
spacewill belaid outin section4.1. Theuwill thenbe testedwith the differentpossiblerepresentations

the subsequensections4.2—4.6. Finally, section4.7 will give a summaryof the qualitiesof the examined
methodsandpresentherepresentatiowhichwaschosen.

4.1 Requirements

Preciseness
Naturally, therepresentatiohasto describehespectraknvelopeobtainedrom estimatiorasprecisely
aspossible Methodswhich don't fulfill this basicrequiremenhave notbeenconsideredere.

Stability
Therequiremenbf stability mandateshatthe representatiobe resilientto smallchangesn the data
to be representedSmall changese.g. in the presenceof noise,mustnot leadto big changesn the
representatiorhut mustresultin equallysmallchanges.

The requiremenbf stability is of greatimportancef we considerthatthe datato be representedan
resultfrom variousdifferentestimationmethods]ik e cepstralor LPC analysis,or evenfrom manual
input, andthatsomenoiseis alwayspresent.

Locality
The locality requiremenstatesthatit be possibleto achieve a local changeof the spectralervelope,
i.e. without affectingtheintensityof frequenciegurtheraway from the point of manipulation.

Ideally, therepresentatiowould fulfill therequiremenbf orthogonality, whereonecomponenbf the
spectrakernvelopecanbe changedvithout affectingthe othersat all.

Flexibility and easeof manipulation
The representatiomustbe chosensuchthat manipulationswith an exactly defineddesiredoutcome
canbe easilyspecified,e.g. a certainformantlocationthat hasto be reachedn voice synthesis.For
the manipulative abilities to be really useful for musicalapplications,the relationshipbetweenthe
parametersf the manipulationandthe effect on the spectrumhasto be easilyunderstandable.
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Speedof synthesis
Therepresentatioshouldbe usablefor soundsynthesisasdirectly aspossiblewithout first having to
be convertedto a differentform at high computationatosts. This requiremenis heavily dependent
onthetype of synthesisg.g. additive synthesisor filtering. This meanshatno ideal solutioncanbe
presentedhut acompromisewhichis notthe fastesthoicefor eachsynthesigype,but which doesnt
penalizetoo much,evenin theworstcase.

Space
It is requiredthatthe representationot take up too muchspacegspeciallywith thefile representation
in mind.

Manual input
Finally, the representatioshouldbe easyto specify manually e.g. by drawing a curve or placing
primitive shapesor by textualinput of parameters.

4.2 Filter Coefficients

Themoststraightforvardrepresentationf spectrakenvelopesarethefilter coeficients,which arethe output
of the estimation,be it the cepstralcoeficientsc; (section3.3 ff.), or one of the LPC coeficients a;, k;
(section3.2). They arethe mostpreciserepresentatiopossible.

They are stable,but not local. The non-localityis dueto the fact that they essentiallyrepresent spectral
ervelopein time-domain(by oneof differentpossiblefilter models),sochangingonecoeficientwill change
theervelopesvalueat multiple frequencies.

Becausehechange®newishesto effectwill bespecifiedn the frequeng-domainthey arealsonoteasyto
manipulate.

They do certainlyfulfill the spacarequiremen{only orderp values)but arecostlyin evaluationfor additive
synthesissincep cosineshave to be evaluatedfor eachfrequeng at which we desireto know theamplitude
of theervelope.For subtractve synthesishowever, they areefficient, sincethey candirectly be usedfor fast
time-domairfiltering.

They cannotatall be specifiednanually

4.3 Spectral Representation

The spectrakrepresentatiors the naturalway a spectralervelopewaspresentedn the previouschaptersas
an amplitudecurve in the frequeng-domain,basedon an equidistantor logarithmically spacedrequeny

grid. Eachof the n grid point is alsocalleda frequeng bin. This representatioris also called sampled
spectralerveloperepresentationbecausene take a sampleof the value of the (theoretically)continuous
curve ateachpoint of thefrequeng grid.

This representatioiis asstableasthefilter coeficients,becausdt is deriveddirectly from them. It is local,
andwhenthe frequeng scaleis linear, it is orthogonal,becausghe amplitudeat eachfrequeng canbe
changedndependentlfrom the others.

It is the mostflexible representatiorfdue to the high locality), but not that easyto manipulate because
the locality demandghat all the valuesat all the frequenciesbe given. Especiallywhenwe think of an
applicationfor the singingvoice, the preferredmanipulationsarechangeof the positionandbandwidthof
formants which meanghatnew amplitudevalueswould have to be specifiedfor thewholefrequeng range
of the spectrakernvelopethe formantoccupies.

They arefastestfor additive synthesisandreasonablyfastfor filtering. They arereasonablycompactsince
thespaceaequiredcanbeaslow as100points,evenlesswhenalogarithmicfrequengy scaleis used! Manual
inputis easy

1A word of warning,though:Whenchoosingoo smalla numbern, of pointsfor the ervelopein relationto thehighestfrequeng of
half the samplingrate,severealiasingof the spectralernvelopecanresult. This is the sameeffect assamplinga signalwith a sampling
ratelower thantwice the highestfrequenyg in thesignal. Here the signalis the spectrakenvelopeto berepresentedyhile the numberof
pointscorresponds$o the samplingfrequeng (their distancas the samplingperiod). Of course this problemis greatlyalleviatedusing
alogarithmicfrequeng scalealsofor representation.
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4.4 Geometric Representation

Startingfrom a spectralrepresentationra geometricakepresentatiocanbe derived, which triesto describe
theamplitudecurve of thespectraknvelopein thefrequeng-domainwith fewer pointsnotspacedatequidis-
tantfrequencies.The geometricakepresentatioganbe of the form of a break-pointfunctionor splines,as
describedn thefollowing.

Figure 4.1 Geometricrepresentationsf spectralervelopes:asa breakpointfunction (left); assplineswith
dashedtontinuousslope(right)

Break point functions
A breakpointfunction(BPF)is ageneramethodof representingfunction,beit in time- or frequeng-
domain. It consistsof n break points P; at (z;,y;). In our case,z; is the frequeny andy; the
amplitude.Then — 1 sgmentshetweerthe breakpointsareinterpolatedinearly, asin figure4.1, left.

Splines
Splines[UAE93] aresimilar to breakpoint functions,but they provide for quadraticor cubicinterpo-
lation of eachsectionbetweerthe points P; given,usinga polynomialof degree2 or 3. Additionally,
continuity constraintsat the given pointsstipulatethat the slopebe identical. This slope(the dashed
line in figure4.1,right) canalsobeaccessibl@sa parametefor manipulation.

Splineswould be appliedto spectralenveloperepresentationn a way that the points P; would be
placedon the maximaand minima of the spectralrepresentationwherethe slopeis zero,andon the
turning points,wherethe curvaturechangeslirection.

A weakgeneralpoint of geometricrepresentations thatthey don’t modelthe spectralervelopein a way
relevantto its propertiesasa signal, but simply asa curve in euclidianspace.Especiallyinterdependencies
betweenthe given points, that arise from the signal characterof the spectralenvelopeare not taken into
accountautomatically?

The stability of geometricrepresentationgs seriouslydisturbedby the fact that small changescan cause
a suddenchangeof the maximafound. They are quite local, and can be mademore so by addingpoints
manually They areflexible andeasyto manipulateandwill alwaysgive nicesmoothcurves.However, there
is atradeof betweereaseof manipulatiorandprecisenessf thereis apointthatgovernsalargeareathatcan
thusbemanipulatedasily theprecisenessansuffer because largestretchof thecurvewill beinterpolated.

Regardingspeedthe geometricrepresentationareslightly morecostlyin synthesighanspectralrepresen-
tation. For splines,the evaluationof theinterpolatingpolynomialshave to be takeninto account.The space
neededs lessthanfor spectralrepresentationgven moresoif pruningof redundanipointscanbe applied
(againatthecostof preciseness).

For specifyingspectralervelopesmanuallyby drawing, geometriaepresentationarevery well suited.

4.5 Formants

In a formantrepresentationa spectralervelopeis composef a parametricdescriptionof formants(the

resonancesf thevocaltractor of otheracousticresonator—seesection2.4) anda residualervelope.Three

waysto represenformantswill be presentedFOFs,standardormants,andfuzzy formants(cf. figure4.2).
2Neverthelesssplinescanbe of someusefor spectralervelopeestimationwhenthey areusedto pre-smoottthe spectrumbefore

an estimationmethodis appliedto find the parametersf afilter model. In [TAW97], the authorspresenthow this canbe appliedto
low-orderLPC-analysis.
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f i c ﬁ
Figure 4.2 A FOF (left), a preciseformant (middle), and a fuzzy formant, which is simply a frequeny
regionin a spectralernvelope(right), with their frequeng-domainparameters

Formant-wave functions
A FOF, from the french Forme d’onde formantique[Rod84, is originally a methodof high quality
voice synthesisand soundsynthesisin general. It forms the basic synthesismodel of the CHANT
system(section2.5). A FOFis atime-domainrepresentationf a singleformantasa basicwaveform,
several of which areaddedto build up the desiredspectrum(typically 5-7). A FOFis parameterized
bothin termsof the frequeng-domainand of the time-domain. The parametersin fact, specifythe
spectrakrnvelopeof oneformant.

The frequeng-domainparametersf a FOF are centerfrequeny f, amplitudeq, bandwidthp, and
skirt width s, which canbe controlledindependentlyrom the bandwidth;the time-domainparameters
arephasegp andexcitation andattenuatiortimes. It canbe seenthatthis is muchmoreinformation
thanis neededor adescriptionof a spectrakervelope.

Preciseformants
A moreeconomicalway to describeformantsis to usethe standarcparametersf a resonancecenter
frequeny f, amplitudea, andbandwidthb. The bandwidthspecifieshalf of the width of the formant
at 3 dB down from the peak. Thenthe spectralervelopev(w) of oneformantis of the form (with an
appropriatescalingof the parameters):

vw) = e_(%)z

4.1)
Fuzzyformants
As anaugmentatiorof the spectralrepresentatiofisection4.3), | definefuzzy formantsasa formant
regionwithin aspectrakervelopewhereit is believedor known thataformantlies. With labeledsource
material (a recordingof the voice with annotationsvhat speechsounds(phonemeshre spolken or
sung),the positionsof the formantsin vowelsarefairly well known.

A fuzzy formantis specifiedby threefrequeng parametershelowerboundi, theupperboundu, and
thecenter, if known. Additionally, a bookkeepingparametepivesanidentificationto eachformant,
suchthatthey canbe associatedéhto formant tracks.

With aformantrepresentatiorthe generaproblemsof finding andidentifying formantsexist. For unlabeled
data,the identificationwhich humpin the spectralervelopeis really a formant,andif it's the first, second,
etc,is far from beingtrivial.

The formantrepresentatiotis not stable,sincea slight ditch in the spectralervelopecould suddenlycreate
anew formant. They arelocal, however, andflexibly andvery easilymanipulable.Synthesids reasonably
fast, both for the frequeng-domainandfor the time-domain. They are very compactin storage,f a pure
formanticrepresentatiotis sufficient (or thelossin precisenesi bearable)put for mostcaseshey would
needaresidualspectrarepresentatioto be storedalongwith them.

For specifyingspectralervelopesmanually especiallyfor the precisesynthesisf the voice,formantrepre-
sentationarebestsuited.
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4.6 High ResolutionMatching Pursuit

High ResolutionMatchingPursuit(HRMP) [GBM* 96, GDR™ 96] is a methodto decomposa soundinto a
time—frequeng representatiomhat keepsboth the exactlocationin time of the fasttransientqthe attacks),
anda goodfrequeng resolutionin the sustainedarts. This matcheshe perceptve capabilitiesof the eat

Figure4.3shovsanexample.

- PRI,

Figure4.3: Time—frequeng decompositiof a pianonotewith HRMP from [GBM*96]. It canbeseerthat
theattackaswell asthe sustainedharmonicsarepreciselylocalized. The structureattheendis thereleaseof
thekey, causinghe dampetto touchthe pianocord.

Sinceit is atime—frequeng analysis HRMP is not appropriateassuchfor spectralkerveloperepresentation,
which pertainsto oneinstancen time only, but it is aninterestingmethodworth alook. Theideais to usea
dictionaryof primitive time—frequeng componentsgalledatoms,andto selectthe onesthattogethetryield
the closestmatchwith the signal.

To apply HRMP to spectralerveloperepresentationit would be restrictedto the frequeng domain. The
dictionarywould containcurve pieces especiallyformantshapes.Unfortunatelythis methodwould not be
stable sincevery differentatomscould be selectedor small changesit would belocal, becausehe atoms
would have a smallfrequeng support,andvery flexible to manipulate.The easynessvould dependon the
dictionaryused,aswould the speedf synthesisandthe space (If thestructuregettoo comple, significant
redundang couldoccur)

HRMP structuresvould be very complicatedo specifymanually

4.7 Summary and ChosenMethods

Table4.1 showns a comparisorof therepresentationsitroducedn the precedingsectionswith a score(++,
+ ,0 , — , —-)indicatingthe degreeto which they fulfill the requirementdgor representationfrom
section4.1.

The methodschoserto beimplementedarefilter coeficients,the spectralrepresentatiorpreciseandfuzzy
formants.Thefilter coeficientsarekeptbecausehey provide the mostpreciseandavery compactepresen-
tation,they areclosesto the sourceandcanbe easilycorvertedto the canonicarepresentationThe spectral
representatioms the mostgeneralandwill bethe canonicalrepresentationThe preciseformantsare nec-
essanyfor high quality singingvoice synthesis.The fuzzy formants,alongwith the spectralrepresentation,
will malke it possibleto interpolateby formantshift betweerspectrakenvelopein spectrarepresentatioand
preciseformantrepresentatioraswill be explainedin section5.1.2.



4.7. SUMMARY AND CHOSENMETHODS

Representation  Stability Locality Flexibility/Ease

Speedf Synthesis Space Manual

of Manipulation time-/freq-domain Input
Filter Coeficients ++ - — - ++ - + —__
Spectral ++ ++ ++/0 + [ ++ o +
Geometrical — + 4+ [4+ o /— + ++
Formants - + ++ ++ + I+ 4+ ++
HRMP — + ++/0 o /0 o ——

Table 4.1 Comparisorandscoreof representatiomethodsn regardof requirements
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Chapter 5

Manipulation of Spectral Envelopes

This chaptedescribeshedifferenttypesof manipulatiorthatarepossiblewith spectraknvelopesIf notsaid
otherwise,it is assumedhatthe spectralervelopesarein the form of the canonicalspectralrepresentation

describedn section4.3.
v

Spectral Envelope D > Manipulation |-~ - Spectral Envelope

Figure5.1: Generamanipulationof spectralkenvelopes

Control Data
Spectral Envelope y
> Interpolation |-+ =(_ Spectral Envelope

Spectral Envelope >

Figure 5.2 Interpolation,the mostimportanttype of manipulationof spectralenvelopes. The resulting
spectraknvelopewill beaweightedaverageof thetwo input spectraknvelopeqtermedtheoriginal spectral
ervelopeandthetargetspectralervelope).

Manipulationis at the heartof the creative process.It allows composersand musiciansto surpassvhatis

givenin recordedsoundsgitherto createsoundswhich arefar from the original, or to subtly modify given
soundsor to mix characteristicof differentsounds.By manipulation,a spectralervelopeis changedac-
cordingto someparametersasdepictedn figure5.1. Themostimportanttypeof manipulationjnterpolation
betweenrspectralervelopes,s describedn section5.1, manipulationschangingthe amplitudeof a spectral
ervelopearecoveredin section5.2, othertypesof manipulationsn section5.3.

5.1 Interpolation

First of all it mustbe notedthattherearetwo differentmeaningsof the word interpolation. One meaning
refersto finding avalueof afunctionthatis givenonly at discretepoints,whenthevalueis inbetweertwo of
thegivenpoints. With spectrakervelopeswe useinterpolationin this sensavhenwe wantto know thevalue
of theervelopev( f) atanarbitraryfrequeng f, whichis not oneof the givenpointsof theenvelope? If f;
and f, arethetwo pointsclosesto f, thenthelinear interpolation is:

_ o(fr) —v(fr) _ v
u(f) = ﬁ(f f) +o(f) (5.1)

10f course a spectrakenvelopeis only definedbetweerD Hz andhalf the samplingfrequeng.
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whichis thevalueof v( f) if thegivenpointsof theervelopeareconsideredo beconnectedy line sggments
(seefigure5.3).
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Figure5.3: Linearinterpolationwithin aspectrakervelope

5.1.1 Interpolation betweenSpectral Envelopes

The secondmeaningof interpolationis finding an intermediatestatein the gradualtransitionfrom one pa-
rametersetto anotherin our casegoingfrom onespectralervelopeto another Thisinter polation between
ervelopesis in facta weighted sum of the spectrakenvelopes.It canalwaysbe reducedo thefirst senseof
interpolation,in thatwe take the linearly interpolatedvaluesv; (f) andv( f) for eachfrequeny f of two
spectralervelopesandinterpolatebetweerthemby aninterpolation factor m. If m = 0 we will keepthe
original spectrakernvelopew, , if m =1 wewill receve thetargetspectrakenvelopev-:

um (f) = (L=m)u (f) + me(f) (5.2)

If we considerthatthe ervelopescanbe sampledeachat a differentsetof discretefrequeng points f; and
f2, to actuallycomputethe interpolatedspectrakenvelopewe have to build the unionof thefrequeng points
fu = fi1 Ufy, andcomputetheinterpolatedvalueat eachpoint of f,,.

5.1.2 Shifting Formants

When dealingwith the spectralervelopeof speechor the singing voice, we want to respectthe formant
structureof theervelope.This meanghatif we wantto interpolatebetweertwo spectrakrnvelopeswe don't
wanttheamplitudesateachfrequeng interpolatedasin equation(5.2), but shift theformantsfrom their place
in the original spectrakernvelopeto thatin thetargetspectrakenvelope.In fact,we wantto simulatethe effect
of interpolatingthe articulatoryparametersf thevocaltract. Figure5.4 explainsthe differentapproaches.

Theprerequisite$or shifting formantsin thisway areof coursethatwe know wheretheformantsarelocated,
andwhich formantin the original spectralervelopeis associatedvith which formantin the target spectral
ervelope. Theformeris not at all obvious andis a questionof formantdetection. The latteris even more
difficult for an automatednethodwithout providing manualinput. It is a questionof labelingthe formants
of successie time framesto generatdormanttracks.

Fortunately for someapplications,we know a priori wherethe formantsshouldbe For example,when
treatingthe voice in a piecewherethe lyrics areknown, like anopera. Thenit is known which vowels are
sung,andthuswe canlook up the formantpositionsin the formanttablesfrom phoneticditerature. In this
case,the spectralenveloperepresentationvould be augmentedy fuzzy formants,or a spectralernvelope
representationsingexactformantswill be provided,asdescribedn section4.5.
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Spectral Envelope Interpolation Formant Parameter Interpolation

Figure 5.4 Formantinterpolationversusformantshift: The upperrow shovs two spectralervelopeswvhose
singleformantsareto beinterpolatedln thelowerleft figurewe seewhatwe getfrom thedirectinterpolation
of spectralervelopes—whiclis a weightedsumof the two curves,herewith aninterpolationfactorof 0.5.
The original formantsare shovn as dashedcurves. The lower right figure shavs what we really want:
interpolatingthe parametersf the formants resultingin a frequeng shift.

5.1.3 Shifting Fuzzy Formants

The fuzzy formant representatiorof spectralenvelope consistsof an ervelopein spectralrepresentation
plus several formantregionswith anindex for identification. Giventwo spectralernvelopeswith two fuzzy
formantswith the sameindex, it is still not clearhow the intermediatespectralervelopeswith the formant
onits way fromits positionin the original ervelopeto thatin thetargetenvelope areto begeneratedSeveral
questionsarise: How to fill the hole the formantleaveswhenit startsto move away? Whatto do with the
ervelopein the placesthe formantmovesover? How shouldthe shapeof the formantchangebetweenthe
original andthetargetshapes?

After anideaby Miller Puclette, it is possibleto interpolatean ervelopein spectralrepresentationn a
way that formantsare shifted exactly aswe want. The ideais to first integrateover the ervelopes(in the
discretecasethis amountgo building the cumulative sumof the spectrakernvelope),andthento horizontally
interpolatebetweenthe integrals. We retrieve the interpolatedformantby subsequendifferentiationof the
result.

That the ideaworks can be seenin figure 5.5. Formally, the methodcan be describedike this: Starting
from two spectralervelopesv; (f) andwvz(f), consideredascontinuousfunctionsover0 < f < f;/2, we
constructhe cumulative integral functionsVi (F') andVs (F'), andnormalize:

F
Vi(F) = l/ovidf fori=1,2 (5.3)

Si
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Formant 1 and Integral

Formant 2 and Integral

Differentiation and original Formants

Figure 5.5: Interpolationof formantsby horizontalinterpolationof theintegral. All amplitudesarenormal-
ized. Theupperrow shavs theintegrals(the cumulative sum)of thetwo formantsshavn asdashedspectral
ervelopes.Thelowerleft figureshavsthehorizontallinearinterpolationby afactorof 0.5 of theinterpolated
integrals,drawvn againasdashedines. Takingthe derivative of theresultin the lower right figurerevealsthe
almostperfectlyshiftedformant.(The original formantsareshovn againin dashedinesfor clarity.)
With

fs

2

0

beingthemaximumvaluesof V; (F'). Thenwe invertthesefunctions

Vi(F)=4 < V7 (4 =F fori=1,2and0 <A< 1 (5.5)
andinterpolateby weightedsumwith aninterpolationfactorm to receve V' =1(A):

VHA) = (1-=m)VHA) + mV; 1 (A) (5.6)
After invertingV ! (A) backto normalcoordinates

VY A)=F < V(F)=A4A (5.7)

we differentiateto retrieve theinterpolatedspectralervelopes( f):

_dv

=7 (5.8)

o(f)
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Unfortunatelythis worksonly for oneformantto beinterpolatedascanbe seenin figure5.6. Nevertheless,
we cando betterif we have theinformationof formantregions,i.e. we know wherethe two formantsto be

interpolatedie in their respectie spectralervelopes.n this case we canrestrictthetechniqueof horizontal

interpolationof the integral to the given formantregions, with an appropriatefade-inand fade-outof the

regionborders.

Formant 1 and Integral Formant 2 and Integral

Differentiation and original Formants

Figure5.6: Interpolationof two formantsby horizontalinterpolationof the integral. Obviously, theresultin
thelower right graphdoesnot correspondo theinterpolationof theformantparameters.

5.1.4 Inter polation betweenPreciseFormants

If both of the two spectralernvelopesto be interpolatedare given as preciseformantswith their index ¢,
centerfrequeny f;, amplitudea;, andbandwidthb; asparametersinterpolationbecomedrivial. Simplythe
formantparameterseedto belinearly interpolatedusingequation(5.1) accordingly

5.1.5 Summary of Formant Inter polation

Summingup the differentpossibilitiesof interpolationof spectralervelopeswe canrecognizea hierarchy
in the spectralenveloperepresentationis regardof formantinterpolation.The hierarchyis, from highestto
lowest:

1. Precisdormants:canbeinterpolatecperfectly

2. Fuzzyformants:canbeinterpolatedeasonablyvell

3. Spectrarepresentatioof envelopes:cannotbeinterpolatedespectingormants
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With eachstepdown we lose someinformationnecessaryor formantinterpolation. We cancornvert down-
wardsstepby step:

1. — 2. Corwvert preciseformantsto fuzzy formantsby evaluatingthe spectralernvelopegiven by the
preciseformantsafter equation(4.1), and storingit in spectralrepresentationwhile calculatingthe
formantregionsfrom the preciseformantparameters.

2. — 3. Convertfuzzy formantsto spectrarepresentatioby simply discardingthe formantregions.

We cannothowever, corvertupwards,becausehatwould meanaddinginformation(by simplecalculations,
thatis—of course methodgo detectformantshapesn spectralernvelopesexist, but thesearethe subjectof
afield of researclof its own.)

This meansthat, when spectralervelopesin differentrepresentationkave to be interpolatedwe can't do
betterthan going down to that representatiomf the two which is lowestin level, discardingthe formant
informationof the higherone.

5.2 Amplitude Manipulations

An obvioustype of manipulationof spectralernvelopess amplitude manipulation. To describethatwhole
classof manipulationswe only needto definethe two basicoperationsof addition and multiplication of
spectralervelopes.This is straightforvardif we formally definea spectralervelopeasa real functionv (f)
with domain0 < f < f,/2:

Vadd = 1+ <=  vaa(f) =
Unmul = U1 - 12 < ’Umul(f) =

1 () +v2(f) forall0 < f < fs/2 (5.9)
1(f) va(f) forallo < f < fs/2 (5.10)

If the spectralervelopeis in spectralrepresentatioifsection4.3), we getto the functionalinterpretationby
linearinterpolationasin equation(5.1). If it is in preciseformantrepresentationye canevaluatetheformant
function(equation(4.1))directly, if it is in filter coeficients,we corvertit to spectrarepresentation.

With theseoperationsyve caneffect manipulationssuchasamplificationandattenuationpr spectratilting,
asexplainedin thefollowing.

Amplification and attenuation
Amplificationandattenuatiorof spectraknvelopesds effectedby amultiplicationby afactorgreateror
lessthanone,respectiely. Multiplication with afunctionoverfrequeng (i.e. with aspectraknvelope)
insteadof a constanfactor, thusdoingfr equencyselective amplification or attenuation, essentially
amountgo applyingafilter to the spectralernvelope.

Tilting the spectrum
The overall slopeof the spectrunof a speechor instrumentsignalis calledspectraltilt . For speech,
it is amongothersresponsiblefor the prosodicfeatureof accent in that a spealer modifiesthe tilt
(raisingthe slope)of the spectrumof a vowel, to put stresson a syllable[Dog95. For instrumentsit
canbe dependenbn dynamics the relative force with which the instruments played. Spectratilt is
measuredh decibelperoctare.

To applyagivenspectralilt ¢ to aspectrakernvelopev, we haveto first normalizethetilt peroctave to
atilt ¢,, overthewholerangeof thespectralervelopeupto f,, = f,/2 (half thesamplingrate):

. fn
logy fm

(5.11)

m

Then,theadditive decibelvaluet,, is corvertedto a multiplicative amplitudefactort,:

tm

t, =10% (5.12)
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To effectthetilting of aspectrakenvelopev( f), we multiply by arampspectraknvelopev:( f) ramping

fromOtot,:
tilty(v) = v-v,  with (5.13)
o(f) = fl (5.14)

Im

5.3 Other Manipulations

The manipulationsnot coveredby the precedingsectionsconcernmainly manipulationsof the frequeng
locationof partsof a spectralenvelope.Onepossibility| namedskewing is to selectvely displacea partof
thespectrakervelopein frequeng. In orderto avoid holes,the amountof displacemen(the frequeng shift)
is fadedin andout by a skew-function,asin figure5.7.

Frequency shift Frequency shift
A A

n-m—/\ n-m 4
0 4 oﬁy/x

™ Frequency

™ Frequenc
| m u | m u 9 Y

Figure 5.7. The left figure shaws the linear skew function, determiningthe frequeng shift dependenbn
frequeng, while to theright, a smootheigaussiarskewing functionis shavn.

Four parameterspecifythe skewing: The lower andupperfrequencied and« determinethe rangeof the
spectralervelopeto be affected. The middle frequeng m will be movedto the new frequeny n, while
the spectralervelopeleft andright from m will be shiftedgraduallylessthe furtherthe distanceto m. The
resultof skewing with a linear skew functionis shown in figure 5.8. Many otherskew functionsand more
parameterarepossible.

_— Discrete cepstrum (order 50)

65 | $ Partial peaks
Added control points

Skewed Envelope

Amplitude [dB]
&
(3]
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Figure5.8: Manipulationby Skewing. Thespectrakernvelope(of avoice)is skewed (displacedn frequeng)
between = 2000 andu = 4600 Hz, with the mid-point of skewing displacedfrom m = 3000ton =
3400 Hz. Outsidetherangefrom I to u, the spectrakervelopeis left untouched.
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Otherpossiblefrequeny manipulationsarea shift of the whole spectrakenveloper, aswell ascompression
or dilatation by atranspositiorfactort:

Vransp(f) = v(2)  forall0< f < f,/2 (5.15)



Chapter 6

SoundSynthesiswith Spectral Envelopes

In the applicationof spectralervelopesto soundsynthesis,a spectralervelope called the modulator is
appliedto aninput soundto yield anoutputsound,accordingto someparametersasshown in figure 6.1. If

theinput andoutputsoundarerepresente@dssinusoidalpartials,thenadditive synthesids to be appliedas
describedn section6.1. If thesoundsaregivenasa sampledsignal,filtering hasto be applied,asexplained

in section6.2.
\

~~~~~~ 1 s |
A
Spectral Envelope

Figure 6.1 Synthesisvith amodifying spectralervelopecalledthe modulator

6.1 Additi ve Synthesis

In the domainof additive synthesigseesection2.2), applicationof spectralenvelopesconsistsof a simple
changeof theamplitudeof theinput partials,while leaving their frequenciesintouched The simplestway is
to replacethe amplitudeof a partialat frequeng f with thevalueof the ervelopeu(f) atthatfrequeng. If
theinput partialsandthe modulatingspectrakervelopearefrom differentsoundsthis is calledcrosssynthe-
sis sinceit crosseghe characteristicef two distinct sounds:the partial structure(presencendfrequeng
location,or absencef partialsandtheirdevelopmenin time) of theinput sound.andthemodulatingspectral
ervelopeestimatedrom the othersound.

Insteadbf imposingthespectraknvelope agradualmixturebetweerthespectrakernvelopeof theinputsound
(givenby the partialamplitudes)andanotherspectrakervelopeis possible.This is governedby a mix factor
m, betweerD for the original and 1 for theimposedspectralenvelope. If a; is the amplitudeof partial i at
frequeng fi, andv( f;) thevalueof theervelopeat thatfrequeng, thenthenew amplituded;, is

a, = (1 —m)a; +muv(f;) (6.1)

One stepfurther to flexibility is taken by consideringthe mix factor beinga function m(f) dependenof
frequeng. This way, e.g. only the high frequeng part of the input soundcan be changedo adoptthe
spectrakernvelopecharacteristicef the modulator

58
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Note thatthis canbe generalizedo n spectralervelopesv;(f) andn mix functionsm;( f) with their sum
ms(f) = E;.’Zl m;(f) <1, suchthatthe proportionof theoriginalis 1 — ms (f;):

a = (1 —ms(fi))ai+ Y m;(fi)vi(f:) (6.2)

i=1

If the ervelopeisn’t representedirectly but asfilter coeficients, thesehave to be corvertedto the spec-
tral ervelopefirst, asshavn in chapter3 in equationg3.3) and(3.10) for LPC and cepstrumcoeficients,
respectiely.

6.2 Filtering

If the soundto be changeds not representedy partialsbut comesasatime-domainsignal,the modulating
spectralervelopehasto be corvertedto a filter thatis to be appliedto the signal. Thereare alwaystwo
possibilitieshow to actuallycarry out thefiltering:

¢ In the time-domain,the signal = is cornvolved with the impulseresponsé: of the filter to yield the
changedsignaly:

y(n) = 2(n) * hn) (6.3)

¢ Inthefrequeng-domaintheFouriertransformX of thesignalz is multiplied with thetransferfunction
H of thefilter to yield the FouriertransformY” of thechangedsignal:

Y(f) =X(H)-H(f) (6.4)

Y will becorvertedto atime-domainsignaly by inverseFouriertransform.

In fact, thefilter transferfunction H is exactly the curve of the spectralenvelopein the frequeng—
amplitudeplane.

How to calculateeitherone of the forms of the filter will be describedn the following, for eachpossible
representatioof the spectralernvelope.

Spectral representation
If the spectralervelopeis in canonicalrepresentatiomlirectly asa curve in the frequeng—amplitude
domain thefrequeng-domainfilter is givenstraightforwardby the evaluationof the spectrakrnvelope
v(f) atthefrequenciesf;, which arethefrequeng binsusedfor filtering::

H (fi) = v(fi) (6.5)
Thetime-domairfilter is theinverseFouriertransformof the frequeng-domainfilter:
h = F~'(H) (6.6)

This time-domairfilter will in generabe morecostlyto applythanatime-domairfilter derivedfrom
filter coeficientsasshown below, sincetheimpulseresponseanbe aslong asthe numberof binsin
H.
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Cepstral coefficients
If the spectralervelopeis representeds cepstralcoeficientsc;, for frequeng-domainfiltering, we
have to reconstructhe spectralenvelope,which definesthe transferfunction of H, by inversingthe
operationgarriedout in cepstrumestimation(section3.3):

H = eap(F~ (c:)) (6.7)
Which s equivalentto anevaluationof this formulaat the desiredrequeng binsw;:!
p
H(wj) =eaxp (Z Ci cosio.)j) (6.8)
i=1
For time-domainfiltering, theimpulseresponsé: is computedby the inverseFouriertransformof the
transferfunction i :

h=F"'(H) =F (exp(F~'(c;))) (6.9)

LPC-coefficients
Thepredictorcoeficientsa;,7 = 1..p arewell suitedto frequeng-domainfiltering. They describethe
analysidfilter A, whichis inverseof the transferfunction H, correctedoy a gainfactorg:

g g
H(w;) = = - .
(wz) 1 (wt) 1 _ le:1 aieilwi (6 10)

Thetime-domairfilter couldbederivedasusualby equation(6.6), however, it follows from the prop-
ertiesof LPC-estimatior{section3.2) thatwe canusethe predictorcoeficientsdirectly:

y(n) = gx(n) + Z aiy(n —1) (6.11)

What's more,by usingthereflectioncoeficientsk;, we canapplythe muchmoreefficientfilter struc-
ture of alattice filter, andcanimplementthefilter directly asshaovn in figure6.2.

Figure 6.2 Latticetime-domairfilter structure(from [Rob98). The samplef the entrysignale,, passvia
anetwork of summatiorstageq >"), multiplication by the reflectioncoeficientsk;, anddelayunits z ! to
yield thefilteredsignals,,

1in generaltheFourierspectrumis complex. Thecepstrumhowever, is evaluatedrom themagnitudespectrunwhichis theabsolute
valueof the spectrum Therefore therecreatiorof the spectrummhasno imaginarypart.



Chapter 7

Implementation

This chapterdescribeghe implementatiorof the methodsfor spectralenvelopeestimation representation,
manipulation,and applicationto synthesisdocumentedn the previous chapters.The implementatiorpro-
ceededn two steps:First,thespectrakrnvelopeandsignalviewing programVIEWENV wasdevelopedn the
MATLAB programminganguage.lt allows for prototyping,interactie testing,andevaluationof the algo-
rithmsfor spectralenvelopeestimationandmanipulation.The architectureandthe usageof the VIEWENV
programis describedn appendixA.

Then, the spectralervelopefunction library was developedwhich combinesthe methodsevaluatedin the
project,andmakesthemaccessibleéo otherprograms.The principlesof softwareengineeringvereapplied
to thedevelopmenfprocess.

This chaptetis organisedasfollows:

First, somebasicconceptsof software engineeringare introducedin section7.1, andthe notationusedto
documentthe designof the library and also of the VIEWENV programis explainedin section7.2. Then,
somegenerakonsiderationgor thedesignandtheimplementatiorof thelibrary arelayedoutin section7.3,
followed by the documentatiorof the designitself in section7.4. Finally, the new SDIF file typesusedfor
permanenstorageof spectrakrnvelopeds describedn section?.5.

7.1 SomeWords about Software Engineering

The centraltask of software engineerings to understandhe software development process to describe
it, andto develop meansof supportingit. Thesemeanscomprisemethods (specification)languagesand
tools. Someof themsupportsinglephasegseebelow) while otherssupportthe wholeprocessHowever, the
integrationof thesemeanss still partly unsohed.

The softwaredevelopmentprocesscoversthewhole software lifecycle, comprisingthetime from the devel-
opmentof softwareover the successie maintenancep to the point wherethe softwareisn’t usedarnymore.

Analysis
Design
Implementation

Testing

\

Maintenance

Figure 7.1 Theclassicwaterfall modelof softwaredevelopment
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Oneof the earliestprocessmodelsfor the software developmentprocesss the waterfall model [GIM91].
This modeldistinguisheghe phasef analysis,design,implementationtesting,and maintenancelt has
two importantdravbackswhich softwareengineerdhave beentrying to improve sincethen. First, the model
supportsonly a unidirectionalview of the software developmentprocessgven thoughit hassoonbecome
clearthatthis is far from beingrealistic. To the contrary the phasesare not completedone after the other,
but therearerecursiondrom later phasedackto earlierphases.This problemhasbeenaddressedby the
extendedwaterfall model (figure 7.2) which usesloops backfrom a phaseto the predecessophase. In
reality, however, therearerecursiondackfrom ary phaseo all of its predecessquhases.

Analysis
"
Design
—
Implementation
=
Testing
~—

Maintenance

Figure 7.2 Theextendedwaterfll modelof softwaredevelopmentwith recursiongo previousphases

A seconddrawbackis the separatiorof a naturally continuousprocessn discretephases.This separation,
however, is ratherto be seenasa logical one, which helpsto organisethe efforts, thanas a suggestiorto
actually proceedwith the developmentof softwarefollowing thesestepsone after the other Onepossible
attemptto tacklethis secondproblem,choosinga finer granularity will not overcomethe main problemof
discretizatiorof a continuougprocess.

It is clearthat,in orderto overcomethesedravbacks,an explicit modelingof directionalityposesproblems,
and, if all possibledirectionsare describedthe modelwill becomevery tangled. Thereare approaches,
however, which do try to avoid theseproblems. They do not emphasizéhe processtself, but they try to
identify theworking areas.Thatis, the phaseshich wererelatedto a fixed pointin time in the processare
now discoupledrom thetime line andrathertheirintentionalaspect@reconsidered.

Oneof theseapproachegheworking areamodel[Nag9Q, identifiestheareasf requirementsengineering
(RE), formerly analysis programming in the large (PiL), formerly design,andprogramming in the small
(PiS), formerly implementation. Testingand maintenancalisappearas distinct phasedfor the following
reasons:Testingis necessaryn eachareaand also acrossthese,to ensureconsisteng. Maintenances
considerediotto bea separatareabut in factis comprisedf actiities from theexisting areas.

Documentation

Project Management Quality Assurance

Figure 7.3. Theworking areamodelof softwaredevelopment

Moreover, to adequatelgescribethe context of the softwaredevelopmentprocessadditionalworking areas
have beenidentified,which haven't beendealtwith adequatelypto know. Theseareasareproject manage-
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ment (which comprisesrersion control aswell), documentation, andquality assurance Thesesocalled
nontechnicalareasinteractwith all of theabove introducedechnicalareasasshowvn in figure7.3.

7.2 The Architecture Notation

The architecture of a software systemis definedasits static structure regardingpackagesmodules,and
classeandtherelationshipamongthem.n thesoftwaredevelopmeniprocessthearchitecturds the output
of thedesignphasgProgrammingdn thelarge),andis thespecificatiorfor theimplementatiofProgramming
in thesmall).

The bestway to specifythe architectureof software systemis to usea graphicalnotationwhich shavs the
relationsbetweernthe numerousunits of the system.Therearevariousstandardizedotations suchasOMT
(Object Modeling Techniqué after Rumbaugh[RBP91], the Booch Method[Bo094, and the Jacobson
method[Jac9], which have recentlymemgedinto UML (Universal ModelingLanguage) [Sof97].

Shortcomingsof Existing Notations

Whenexaminingtheapplicabilityof thesemodelinglanguage$o analysisanddesignof thespectraknvelope
library andthe VIEWENV program severalshortcomingareapparent:

e Exceptfor the now defunctOMT, thesenotationshave no meansof specifyingdataflow structures,
but are specializedn describingobject-orientecanalysisanddesign. However, the spectralenvelope
library to bedevelopedconsistanainly of purelyfunctionaldatatransformingnoduleswheremaking
thedataflows explicit lendsa very goodinsightinto the structureof the system.

¢ It is advantageouso keepthedistictionbetweerabstracdatatypesandfunctionalmoduleclassesin
theabove notationsprincipally all classedook thesame.Thereareoptionsto specifyrolesof classes,
or to useadornmentgo expresstypesof classeshut for the spectralervelopelibrary, the distinction
betweendataclassesandfunctionalmodulesis so importantthatit shouldbe obvious on first sight.
What's more,thediagramscanbe keptsimpleandeasierto understand.

e The object-orientedvIEWENV programwould be amenablgo one of the above standardnotations
while someother standardnotationcould be usedfor the mainly transformationakpectralervelope
library. However, this would underminghe consisteng throughouthis document.

e As thelibrary is written in non-object-oriented, it is unavoidablethat the descriptionof the archi-
tecturefor theimplementatiorwill at somelevel of detail not matchthe structureof theimplemented
codearymore. Thatis, the notationfor the architecturedoesnot have to provide for meansof adding
moredetailedinformation,it canbekeptcleanandsimple.

The Adapted Notation

Forthesereasons| decidedo useanadaptedotationwhichis very closeto thestandardotationamentioned
above. It hastwo typesof classegdataclassesandfunctionalmoduleclasses)wo relationsbetweerclasses
of thesametype (theinheritancerelationandthe“uses”relation),anddataflows betweerfunctionalmodules
which aretypedby a dataclass.

Base Class Writer Class Reader Class
] Y

Derived Class Data Class

Figure7.4: Inheritanceelationbetweerfunctionalmoduleclassegleft), anddataflow betweerareaderand
awriter functionalmodule(right)

Figure7.4 shavs theinheritancerelationbetweerfunctionalclassesanda dataflow (alwaysvia aninterme-
diatedataclasswhich specifieghetype of the dataflow). Figure7.5shavs theinheritancerelationbetween
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A

Derived Class Transformer Class

Figure7.5: Inheritanceelationbetweerdataclassegleft), anddataflow througha functionalmodule(right)

Using Class Using Data Class
‘ O
Used Class Used Data Class

Figure 7.6. Usagerelationfor functionalmoduleclassegleft), anddataclassegright)

dataclassesanddataflow which is transformedby a functionalclass. Figure 7.6, finally, demonstratethe
usagerelationshipwhich expressegitherareferencebeingheld by the usingclassor anaggreyation,i.e. the
usingclassactuallycontainsan objectof the usedclass!

Notethatthe dataflows in the diagramsare on classlevel, not on objectlevel. Thatis, e.g. the diagramin
figure7.11,page68, doesnot saythattherearethreeSoundData objects(Partials, SpectrumsSignal)) thatare
eventuallycombinedinto one SampledSpectal Env object,but it doessimply shav the possibledataflows
betweertheclasses.

7.3 General Considerationsfor Library Development
For the specialcaseof alibrary, someof the designgoalsfor softwareareparticularlyimportant. Theseare:

e Flexibility

Expandability

Practicality(easeof use)

Re-usability

Sincere-useis the very reasorfor existenceof a library, someprinciplesof re-usewill be givenin the next
sectionandhow the spectralervelopelibrary fulfills these.

7.3.1 Principles of Re-use

After [Utt93], softwareis reusablef:
1. It works.
Thisis assuredy adoptingthe testingmechanisndescribedn section7.3.2.

2. It is comprehensible.
Thisis caredfor by thedocumentatiorf the architectureandthefunctions,andby a clearstructure.

1For thedesignof acomplex softwaresystemit is importantto expressthedecisionbetweera referenceandcontainmentgspecially
becausé makesastatemenaboutliftimes of objects.In our case however, wherethe systemis rathera batchsystemwith alinearflow
of information,it is advantageouso abstracfrom thatdecisionfor reasorof simplicity.
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3. It can co-existwith other software.
This point is accomplishedn our casemainly in regard of compilationby using ANSI-C asa pro-
gramminglanguage,and not C++, sincewe want to keep compatibility with systemsthat are not
object-oriented Anothereffort is keepingthe name-spaceroperby usingthe prefix se for all glob-
ally visible entities. In regard of functionality, the interfacesare clearand simple, andthe usageof
systenressourceémemory CPU)is moderate.

4. It is supported.
Thisis apolitical questionl cannotcommenton.

5. It iseconomical.
Softwareis economicalwhenits usebringsmorebenefitthanthe effort of settingit up or writing it
oneself.

6. It is available.
Within IRCAM, this is assuredputside,seepoint4.

7. It hasbeenre-used.
The significanceof this pointis thatonly in thefirst re-useghe lastincompatibilitiesanderrorsshow
up. Thespectralervelopelibrary hasbeenre-usedoncesofar (seesection8.6), but moreapplications
arenecessary

7.3.2 Testing

An automatedestingmechanisnihasbeenadoptedor thedevelopmenbf thespectraknvelopelibrary which
will beoutlinedin this section:

All thefunctionsof thelibrary arealsoaccessiblérom command-lingorograms.Theseprogramsanberun
from atestscript,defininganumberof testcasesith theirinputdataandprogramparametersThegenerated
outputdatawill be automaticallycomparedo storedreferencedata,which hasbeenchecled manuallyfor
validity. Thetestcasesandthereferencedataareof courseunderversioncontrol.

It hasto be taken carethat the test casescover all possiblecontrol pathsin the program, especiallythe
“unexpected’case®f errorhandlingcodeandthelike.

7.3.3 Error Handling in a Library

Althoughit is rathera questionof implementationsomethoughtswill be givento the error handlingin a
library in generalafterwhich the mechanisnadoptedn the spectrakernvelopelibrary will beexplained.

Error handlingin afunctionlibrary is alwaysa difficult point. Ideally, all errorswill be detectecandhandled
in thelibrary, if possible.If not, they will be passedo thecalling program.In ary casea library mustnever
callthesystemfunctionsexit()  orabort() andthusstoptheprocessf ary unexpectedsituationoccurs,
becausat is up to the callerto decidewhatto do in suchcasesnot up to the library. Who knows, maybe
the calling programhasa methodto handlethe error andcanrecover from it. What's more, detectingthe
causeof anerroris mademoredifficult, whensuddenlythe programstopsin somelow level library function,
without knowing whenandby whomit wascalled. (Example:Comparehe usefulnes®f theerrormessage
“error reading4 bytes”with “error readingfile header”.)

In anervironmentwithout exceptionhandlingsuchasANSI-C, however, this behaiour of passingon error
conditionsrequiressomedisciplineon the sideof theuserof thelibrary. It is mandatorythatall returncodes
of library functionsarechecledfor their status sincetheremay have beenan errorafterwhich the program
cannotcontinue.

In thespectraknvelopelibrary, theerrorbehaiour is controlledby thefunctionseSetErrorBehaviour
which cantake a memberof the enumeratiortype seErrorBehaviour asparameter If the bit seE-
bAbort is setin the parameterthelibrary aborts(andcoredumps)onary error. If theseEbPrint  is set,

2Becausehe disciplinerequiredto checkall returncodesmay causeproblemsto unexperienceprogrammersandis not adequate
for a quick testprogram,whereyou don't wantto write anerrorcheckfor every secondstatementthereis alsothis optionto have the
library aborton error, althoughit is nota goodbehaiour for alibrary in general.
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anerrormessagés printedontheconsolestandarcerror). If theseEbLog is set,adetailederrormessagés
alsowrittento alog file. Variouspredefineccombination®of theerrorbehaiour flagsexist: seEbFull , the
default, hasall threeflagsset; seEbNorm is the normalbehaiour for well-behaed programsandmeans:
continueon error, but print andlog theerrormessagéseEbLog | seEbPrint ).

7.4 The Developmentof the Spectral EnvelopeLibrary

This sectiondescribeshow the spectralervelopelibrary was developed. First, the architecturewill be de-
scribedasthe centraldesigndocumentatiorin 7.4.1. Then,afew wordswill be saidabouthow we gotthere
from analysisandsomemorewordsabouthow we're going from thereto implementatiorin 7.4.2.

7.4.1 The Architecture

The architectureof the spectralervelopelibrary is describedusingthe notationintroducedin section7.2.
Thetop-level dataflow diagramin figure 7.7 shavs the differenttransformationdetweersounddataandthe
spectralerveloperepresentationSubsequentlthe dataandfunctionalclasseswill be furtherdecomposed
into subclassesAn additionaldataclassControl Data, which providesinputto every functionalclass,is left
outfor thesale of lisibility .

Thetwo maindataclassesSoundData andSpectal Envelope therepresentatioglass,andtheir subclasses
areshown in figures7.8and7.9,respectiely.

The diagramsin figures7.10to 7.15show the functional classesEstimation Synthesisand Interpolation
They are groupedin pairsof two. The first diagramof eachpair shavs the subclassesf the respectie
functionalclass. The seconddiagramof eachpair shavs the input andoutputdataflows of the subclasses.
(Thedataflows of the baseclassesreall shovn in thetop-level diagramin figure 7.7.)

7.4.2 Going from Analysisto Implementation

Thearchitecturadiagramsn figures7.7to 7.15specifythe designof the spectralervelopelibrary. However,
they aredirectly derived from the analysisof the requirementgor thelibrary. In fact,the diagramshatare
the outputof the analysisphaseg(the requirement&ngineeringjook the same exceptthat somedetailslik e
usage-relationshipgremissing.Thisis thereasorthatthe analysisphasds not explicitly documentedThis
supportsthe claim, by the way, that the adaptednotationis indeeduseful, becauset offers a transparent
transitionfrom the analysisof the softwaresystento its design.

In going from designto implementationhowever, it is impossibleto make a transparentransition, since
therewe reachthe boundaryof the object-orientecparadigm.While in analysisanddesign,it wasstill pos-
sible to describethe world asconsistingof interactingobjects,eachpertainingto oneof several classesin

ourimplementatiorin non-object-oriente, we have to talk aboutfunctions,modules anddatastructures.
Becausave can' transferthe object-orientegparadigmcompletelyto implementationsomedesirableprop-
ertiesof object-orientedprogrammingwill not hold. Specifically the aspectof encapsulationinheritance
andtype-polymorphisnwill belost, asexplainedin thefollowing:

Encapsulation

The C-structureghat will be usedinsteadof classeffer no compilerenforcedprotectionmechanisnre-
gardingthe accesdo the datafields. However, for the dataclassesexplainedbelow, accessunctions can
be provided, thatsetthe value of onedatafield, or returnits value. If the userof thelibrary by corvention
usegheseaccessunctions,sufficientencapsulatiobetweertheinterfaceandtheimplementatiorof the data
structuress provided. This meanghat, for examplein the casethe internaldatastructureshangethe code
usingthesestructureswill not have to bechanged.
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Figure7.7. Toplevel dataflow diagramof thebaseclasse®f the spectralervelopelibrary. Thebaseclasses
will berefinedin the subsequerndiagrams.
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Figure 7.8 The SoundData class,andits differentsubclassesyith thetransformationdetweerthem
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Figure 7.9: TherepresentatiodataclassSpectal Envelopeandits subclasseghe differentrepresentations
of spectralenvelopes. The Corversion functional classdoesall corversionsfrom one spectralenvelope
representatioin anotherandis not furtherrefined.
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Figure 7.10 The Estimationclassandits subclasseghe implementednethodsfor spectralenvelopeesti-
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Figure 7.11 The subclassesf the Estimationfunctional classwith their SoundData input dataflows and
Spectal Envelopeoutputdataflows.
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Figure 7.12 The Synthesidunctional classand its subclassesthe different methodsfor synthesiswith
spectrakrnvelopes
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Figure 7.13 The subclassesf the Synthesigunctional classwith their input/outputdataclassegthe sub-
classeof SoundData anda spectrakrnvelopeasthe dataclassSpectal Envelopg
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Figure 7.14 Thelnterpolationfunctionalclassandits subclasseghe methoddor interpolationof spectral
ervelopesFormantinterpolationis a separatdaseclassbecaus¢he matchingof formantindicesis handled
there.
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Figure 7.15 The subclassesf the Interpolation functional classwith their input/outputdataclasseqthe
subclassesf Spectal Envelopg. As canbe seen,corversioncanonly be donein the directionto the less
structuredrepresentation.
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Inheritance

Theinheritancerelations(alsocalledsubtypeor generalization/specializatiaelations)usedin the analysis
anddesignwill notbevisible in theimplementation.Instead the classewill be mappedo C-structuress
showvn in section7.4.3.

Polymorphism

Polymorphismis closelylinkedto inheritanceandmeanghe accesdo a certainfunctionality thatappliesto
all subclassesf a baseclassby onemethodname.This namemapsto the appropriatamethod of theactual
subclass.

Polymorphismcould be mimicked in C by storing pointersto memberfunctionswith eachobject. Apart

from the complexity and usageof spaceof that procedure type polymorphismis, on closerscrutiry, not

really necessarfor thespectralervelopelibrary. Thisis becaus¢he numberof genericfunctions(e.g.save

which have to be appliedto all subtypesf onegeneraltype arefairly few. Instead specializedunctions
for the classesxist. For example,the threedifferentsubclassesf sounddata(Signal, SpectrumPartials)

areprocessedy threedifferentestimationmethods(LPC Analysis,Cepstrum Discrete Cepstrum to yield

two differentoutput datatypes(LPC Coeficients, Cepstal Coeficienty. l.e. the dataflows on parallel
“tracks” thatrarelycross.In anothercase formantinterpolation|t is necessaryo know theactualsubtypeof

spectralerveloperepresentatiofSampledSpectal Envelope PreciseFormants,FuzzyFormantg to choose
thespecializednethodto performtheformantshift (seesection5.1.2). Thereforejt is advantageouso keep
the subtypeinformationexplicit in the codeandnot generalizeo a superclass.

7.4.3 Example of a Data Structure: The Spectral EnvelopeClass

As an exampleof the implementationof the dataclassesthe definition of the structuresfor the Spectal
Envelopeclassfrom theclassdiagramin figure 7.9, aregivenbelow:

Thesampledspectralervelope,or spectrakepresentatioris:

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

} seSpecEnvy;
WhereseScale givesthetype of thescalingandis definedas:
typedef enum { seScLinear, seScLog, seScNum } seScale;

For the spectralerveloperepresentatioms preciseformants,we usea list of structuresfor formants,anda
residualspectrakernvelope,which representall componentshatarenot of the shapeof aformant:

typedef  struct

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

} seFormant;

3A methodis amembeifunction i.e. afunctionthatis amembemnf aclassandcanthereforebe calledonly 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 formantrepresentationye useallist of formantregionswithin a sampledspectrakernvelope:

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 Spectral EnvelopeFile Format

The file representatiorf spectralervelopesis basedon SDIF (SoundData Interchange Formaf) [Vir98].
This sectiongivesa brief overview of the SDIF format, followed by a presentatiorof the typesthatwill be
addedto the formatfor spectralervelopes.Thefinal definition is subjectto changebecausét is still being
discussedvith CNMAT, IRCAM'’s partnerin the SDIF project.

An SDIF-fileis organisedn chunks It startswith anopeningchunkcontainingthe headerfollowedby some
optionalchunksgiving file-global userdefineddatain field-name/aluepairs. Theseare calledName-élue
Tables(NVTs). The body of thefile is a contiguoussequencef time-taggedrames(which arethemseles
chunks) sortedin ascendingemporalorder, with multiple kinds of framesallowedin a singlefile or stream.
A library of standardrametypesdefinesformatsfor storingcommonsoundrepresentationthatare part of

the SDIF standard.The datain a frame are storedin matrices(or vectors)of floating point numberswith

eachcolumncorrespondindo a parametetik e frequeng or amplitudeandeachrow representingin object
like afilter, sinusoid,or noiseband.

SDIF allows thedefinition of new frameandmatrix types,evenin afile. For this end,a smalldata-definition
languagéhasbeendefined. The new typesnecessaryor spectralkervelopesarenow givenin this format, for
eachof therepresentations.

Spectral (Sampled)Envelopes

Thefollowing statementslefinethe matrix andframetypesfor the samplespectrakrnveloperepresentation
(seesectiond.3):

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

1ENI envelope-info;

1ENV envelope;
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ThecodeslMTDdefineswo matrixtypes.Thefirst, LENV, holdsonecolumnandn rows of amplitudevalues
v; for thebinsof thespectrakrvelopeatfrequeny i /nx fs /2 (for thelinearcase). Thesecond1ENI, (where
ENI standsfor envelopeinformation),holdsthe samplingrate,frequeng scale(linear or logarithmic),and
thebreakpoint parametefor the caseof logarithmicfrequeng scale.

1FTDdefinesaframetypealsocalled1ENV, which containsonematrix of type 1IENVandoneof type 1ENI .
Theframeandmatrixtypeshave distinctnamespacesndcanbearthesamename.Theleadingl is aversion
indicator Whenaframeandmatrix typesis expandedy moredataitems,theversionindicatorwill augment.

Thesevaluesin 1ENI arealsogivenin the name-aluetableat the beginning of thefile, but in orderto keep
thefile applicablefor streaming(wherethe heademight have beenmissedby a reader),they arerepeated
with eachframe.

Filter Coefficients

Thefollowing statementslefinethe matrix andframetypesfor the LPC andcepstrunfilter coeficients(see
section4.2):

IMTD 1ARA { a }

1FTD 1ARA {
1ENI envelope-info;
1ARA AR-coefs;
}
IMTD 1ARK { k }
1FTD 1ARK {
1ENI envelope-info;
1ARK AR-coefs;
}
IMTD 1CEC{ c }
1FTD 1CEC {
1ENI envelope-info;
1CEC cepstral-coefs;
}

Thenumbern of rows of eachcoeficientmatrix 1ARA 1ARK or 1CECis theorderof theLPC, or cepstrum.

Alter native Definition

At the moment,the methoddescribedabore hasbeenadopted. Neverthelessijt hasthe disadwantagethat
definingthe 4 frame/matrixtypesabove cluttersthe SDIF namespacewith structurallyidenticalandseman-
tically very similartypes.Alternatively, onecouldimaginea singleframetypewith aninfo matrixandadata
matrix, theinfo matrix giving the type of the dataandall parametersecessaryo interpretthem:

IMTD 1FIF { CoefficientType, SamplingRate,

FrequencyScale, FrequencyScaleParameter }
1IMTD 1FCF { coefficients }
1FTD 1FCF {

1FIF filter-info;
1FCF coefficients;

}

Thedisadwantageof this methodis thatthe actualtype of the datais hiddenin afloatingpointfield, evenfor
somethingasunambiguoussLPC coeficients. What's more, this methodrepeatghe typing mechanisnof
SDIF, but losingthe clarity of the 4-lettertype signatures.
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Formant Description

For therepresentationf a spectralernvelopeasformants(seesection4.5), we needtwo types: precisefor-
mantsandfuzzy regions,whereaformantis suspectedT he preciseformantswould be definedby:

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

Thefuzzy formantswould be acombinationof anernvelopelENVandaformantregion 1IFRR

1MTD 1FRR { lowerfrequency, upperfrequency, centerfrequency,
confidence, label}
1FTD 1FRR {
1ENI envelope-info;
1ENV envelope;
1FRR formant-regions;

}

If the centerfrequeng is not known, the column could be missingor a valueof —oc could be given. The
labelscanbe usedto identify andtrackformants necessarjor interpolation the confidencgarametegives
a hint of the how sureit is thatthereis aformantin thatregion.



Chapter 8

Applications

This chaptedescribesomeapplicationof thespectraknvelopemethodsandtoolsdevelopedn this project.
It covershoth alreadyexisting applicationsand possibleapplications. Theseare groupedinto applications
aroundadditive analysis—synthesisection8.1), synthesif the singingvoice (section8.2), enhancements
of the DIPHONE program(section8.3), applicationsto real-time synthesisand signal processing(section
8.4), corversionbetweerspectralervelopesandimages(section8.5), andapplicationin voice synthesisy
rule (section8.6).

8.1 Controlling Additi ve Synthesis

Additive analysis—synthesis a powerful way to completelyparameterizea soundeventinto sinusoidal
partialswith their frequenciesamplitudes,and phases.This benefitis alsoits curse: It putsevery minute
detail of a soundeventat our disposal,but leavesus with the taskto control and manipulatethis massof

parameterg asensiblevay. Sofar, controlis doneby specifyingthe changeof every singleparameteover

time by breakpointfunctions(seesectiord.4). Sincethenumberof partialscaneasilyriseinto thehundreds,
modificationsare tedious. Moreover, doing valid manipulationgn regard of signalprocessingandfrom a

musicalperspectie is not obvious, and,what's more,the parameterareinterdependente.g. changingthe

frequeng of the partialschangeghe spectralenvelope,often with undesirableesults,asshovn in section
2.3.1).

In [FRD9Z it is suggestedo usespectralenvelopesto control the amplitudesof the partialsfor resynthe-
sis. This drasticallyreduceshe numberof parametersprovides us with parametesetswhich are easily
understandablge.g.formants),andrendersrequengy andamplitudecontrolindependentrom eachothet

Also, for theresidualnoise themodelingby filtering of awhite noisewith spectrakrnvelopegestimatedvith
linear prediction)rendersthis componenbf soundaccessibléo manipulation. This hasnot beenpossible
beforein the sampledsignalrepresentationf theresidual.

The mostsignificantadvantage however, lies in the unified handlingof noiseand harmonicpart, because
the spectralenvelopeof the residualnoiseis representedn the sameway asthe spectralenvelopeof the
sinusoidalpart. Therefore the very samemanipulationcanaffect both partssynchronouslyif thisis desired
[RDG9S.

8.2 Synthesisof the Singing Voice

Oneof theprimaryapplicationsof thespectraknvelopehandlingdevelopedin this projectis the high quality
synthesiof the singingvoice. In the additive synthesiparadigm synthesiss aresynthesi®f the previously
analysedandmodifiedvoice. To effect the modificationsin a sensiblemanneythe constraintposedby the
speectorganshave to betakeninto account.

For example, as demonstratedn section2.3.1, transpositionof the voice quickly soundsvery unnatural
whenthe spectralervelopesare not corrected becausehey reflectthe configuration,especiallythe length,

74
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of thevocaltract. To avoid this, the transpositiomprogramwhich is partof the spectralervelopelibrary has
the possibility to automaticallyestimatethe spectralervelope of the original soundand reconstitutet by
applyingit to thetransposedound.

Also, mary aspectof the expressvity of the singingvoice (aswell asprosodyin speech—sesection5.2)
dependonthe spectraknvelope,i.e. ontimbral variations ratherthanon pitch andamplitudealone.

With the methodsof interpolationbetweenspectralenvelopesand formants,a new type of high quality
additive synthesisof voice is possible. To presere the rapid changesn transients(e.g. plosives), and
the non-formantshapechoisespectralervelopesin fricatives,theseare bestsynthesisedvith the harmonic
sinusoidst+ noisemodel,controlledby envelopesn spectrakepresentationf-or preciseformantlocationsin

the steadypartof vowels, the formantrepresentatioof spectrakernvelopescanbe specified.

8.3 Integration in Diphone

It is plannedthatthe spectralervelopelibrary is portedto the Apple Macintoshsystemallowing theintegra-
tion of spectralenvelopemanipulationin the DIPHONE program. This will bein the form of an extension
of the additive synthesiglugin, suchthatthe manipulation®of spectralervelopesthatarepossiblewith the
library, will be controlledby theintuitive graphicaluserinterfaceof DIPHONE.

What's more, spectralervelopesallow for the corvenientmodelingand manipulationof the residualnoise,
which couldbe madeaccessibléo the additive synthesigplugin of DIPHONE, andto the CHANT plugin.

With the interpolationcapabilitiesbetweenpreciseformantsand spectralernvelopeswith marked formant
regions (fuzzy formants,seesection5.1.2),it is even possibleto bridgethe gapbetweenthe two synthesis
methodsandto interfacethe excellentgeneratiorof vowelsin CHANT with theflexibility of ADDITIVE in

DIPHONE.

8.4 Application to Real-Time Signal Processing

In the framawork of the FT S/jMax systemfor real-time signal processinga moduleto estimatespectral
ervelopesmanipulatehem,andapplythemto synthesisvould widengreatlytherangeof applicationsof the
system Flexible, musicallycontrollablemanipulationparadigmsn real-timeusingspectralernvelopescould
be developedusingthe graphicalprogrammingervironmentof jMax. However, the demandsn processing
power for real-timeapplicationof the spectralernvelope handlingalgorithms—especiallpf estimation—
would have to be evaluated.

The alreadyexisting real-timeimplementatiorof additive synthesisvould benefitgreatlyfrom the addition
of anoisemodelfor theresidualpartof asound allowing sharptransientdik e e.g.in theattackof a soundto
be reproducedr generatedxactly. Also, for mary soundsa noisecomponentis characteristi@ndalways
presentasin theturbulencenoisesof wind instruments.

Anotherpossibleapplicationis in the ESCHERsystem basedn jMax, designedo provide anintuitive and
expressve controlof soundsynthesisn real-timeby all typesof gesturainput devices[WSR98.

The real-timeadditive synthesiscomponentin ESCHERIs basedon an n-dimensionalttimbral parameter
spaceé, spannedip by pointsof differentcombinationsof the n parametersAt eachpoint, a noteof areal
instrumentplayedwith thesetimbral parameterss subjectedo additive analysis,andthe resultingpartial
setsare stored. Now, whenplaying the ESCHERsystem the partial setsareinterpolatedaccordingto the
currenttimbral parameters.

Thereare now two possibleapplicationsof spectralenvelopesin ESCHER:First, datacompressiorcould
be used,sincethe amountof additive analysisdatais not negligible (remembetthat a whole note compris-
ing several hundredgo thousandf time-framesof datais storedat eachpoint of the multi-dimensional
parametegrid). Storingthe developmentof the partialamplitudesasa spectralervelope,while the partial
frequenciesrecompletelydeterminedy thepitch, would drasticallyreducethe amountof datato bestored.

1Timbral parametergeinge.g.dynamics pitch, harmonicity noise etc. They arecompletelyuserdefined.
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Second,alongthe samelines asin section8.1, the representationf the instrumentas spectralenvelopes
would allow for bettermanipulationof the sound(sofar, only interpolationis possible). Thesemanipulations
couldincludevariouspartialtransformationswhichwill evenamounto extrapolatingthesound,.e. creating
soundcharacteristicsvhich arenot restrictecto thatof the instrumenthatwasoriginally modeled resulting
in moreflexibility andexpressveness.

8.5 ConversionbetweenSpectral Envelopesand Images

A playful applicationwhich cameto my mind andwhich waseasyto implementis the conversionbetween
spectralervelopesover time (spectrogramsandbitmapimages.A spectrogram is a two-dimensionapre-
sentationn thetime—frequeng planeof the spectrumof a soundovertime. Here,of coursejt displaysthe
courseof the spectralervelopeover time. Usually, time runsfrom left to right, frequeng runsfrom bottom
to top, andamplitudeis codedby brightnesgon screen)r blacknesgon paper).l.e. onecolumnz in the
imagecorrespondso onetime-framet = z’, andthe brightnesor blackneswsaluesfor apixel (z,y) in that
columnarereadfrom the spectralervelopev;(f) attime ¢ andfrequeny f = ', with thetick operator’

beingsomemappingfrom imagecoordinatego thetime—frequeng plane.

Thegeneratiorof thebitmapis trivial, andfor input/outputin animagefile format,the PBMPLUS library was
used.Thislibrary generatesnintermediatdile format,which canbe subsequentlgorvertedto andfrom all
otherexistingimagefile formats.

Thereis alreadyaninterestin cornvertingspectralernvelopesto images namelyvisualization of spectralen-

velopesn figure 8.1, the upperleft imageshows the spectraknvelopesof amongolianchantovertime (the

blaclker the colour, the higherthe amplitude). Sometimest is interestingto seehow the spectralervelope
change®vertime, how theformantsmove, etc. But, theotherway seemsvenmoreinterestingo me: read-
ing a bitmapimageandcorvertingit to a spectrakernvelope.This works analogouslyjust thatthe brightness
of apixel (z, y) of theimageis corvertedto theamplitudeof the spectrakernvelope:v,( f) attimet = z’ and

frequeny f = y'. Theresultingspectralervelopeis thenappliedto somesounds partial structureandan

additive synthesif theresultingsoundis performed.

Now thatwe have both directionsof cornversion,we canapply the vastmanipulationtechniquesieveloped
for graphicdesignandvisualartsto imagesof spectrakernvelopesandlistento theresults.Two examplesof

suchmanipulationsanbefoundin figure 8.1. Interestingenoughthevisually morespectaculatwirl in the
upperright imagesoundsatherdull (it doesnt changethe original soundmuch),muchlessinterestingthan
thespreadeffectin thelower left of thefigure,a granulation-like sonicevent,but acrosshewholespectrum.

Finally it is possibleto take anarbitraryimageandapplyit asa spectrakervelopeto additive synthesisThis
opensup a vastspaceof new sonicpossibilities. For examplein thelower right imageof figure 8.1, which
depictsa long-time exposureof a nightly London street,you can hearevery pillar of the building in the
backgroundasa pulse,while thewhite streaksof thelights of passingousessoundlik e aresonanfrequeny
sweep.(In thisimage,amplitudemapsto brightnesscontraryto the otherthreeimages but preservinghe
image.)

| agreethat the seriousapplicability of this corversionis dubious,becausdhe image manipulationshave
nothingto do with the propertiesof the dataasa signal,sothereis therisk of arbitrarynessNevertheless,
theresultsaresurprisingandstimulating.| don't claim thatit is morethanplayingaround but isn’t playing
around—orexploring—atthe very heartof creatvity?

8.6 Voice Synthesisby Rule

Finally, boththe VIEWENV programandthe spectralenvelopelibrary and programshave alreadybeenap-
plied in a projectin the analysis—synthesieam[Hen9§. The topic wasanalysisand synthesis-by-rulef
thesingingvoice. The spectrakernvelopesof recordingsof a singerwereestimatedvith the spectrakernvelope
library, afterwhichthedisplayingandmeasuringapabilitiesof the VIEWENV programwereusedto retrieve
theformantsandtheir parameter$o setup rulesdescribinghe dependenciesf theformantson pitch. Also,
the SDIFfile formatfor spectralernvelopesvasusedfor thefirst time.



8.6. VOICESYNTHESISBY RULE 77

TRl S R L e S AR A e " Sl e e

Figure8.1 Examplefor corvertingbetweerspectrakernvelopesandimages:Thespectrogranof amongolian
chantto the upperleft is put throughvariousmanipulationsa twirl filter in PHOTOSHOP in the upperright,
a spreadeffectin Xv in the lower left. The lower right imageshavs an arbitrary photographto make the
readers mind wonderwhat it might soundlike wheninterpretedas a spectralervelopeand appliedto the
mongolianchant(seein thetext).
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Conclusionand Perspectves

This chaptemwill giveasummaryandconclusionof the spectralenvelopesproject,followedby perspecties
bothfor futureresearclandapplicationof spectrakervelopesaswell asfor artisticapplication.

9.1 Summary of the Project

In the projectSpectal Envelopesn SoundAnalysisand Synthesisvariousmethoddgor estimationyepresen-
tation, file storage manipulation,andapplicationof spectralervelopesto soundsynthesisvere evaluated,
improved,andimplementedThe prototypingandtestingenvironmentVIEWENV hasbeendeveloped.anda

functionlibrary to handlespectrakrvelopesvasdesignecandimplemented.

Fortheestimationof spectrakrnvelopegchapter3), afteradefinitionof therequirementshe LPC, cepstrum,
anddiscretecepstrunmethodsvereexamined all of whichwereimplementedVariousseparat@ossibilities
of improvementsof the discretecepstrummethod(regularization,stochastigor probabilistic)smoothing,
logarithmicfrequeny scaling,andaddingcontrol pointsto the ervelope)wereexaminedandcombined.A
comparisorof the effects of theseimprovementswas carriedout and an evaluationwith a large corpusof
sounddatashovedthefeasibility of discretecepstrunspectrakervelopeestimation.

After definingthe requirementdor the representationof spectralervelopes(chapterd), filter coeficients,
spectralrepresentationgeometricrepresentationgbreak-pointfunctionsand splines),formantrepresenta-
tion, and high resolutionmatchingpursuitwere examined. After a comparisorof the methodsn regardof
therequirementsspectrakepresentatiorfjlter coeficients,andformantrepresentatiomwaschosen A com-
binedspectralepresentatiowith indicationof theregionsof formants(called“fuzzy formants”)wasdefined
to allow for integrationof spectrakernvelopeswith preciseformantdescriptions.

For file storage datatypesto storeeachof therepresentationgsedin the projectweredefinedin theframe-
work of the SDIF standardsounddescriptiorfile format(seesection?.5).

Varioustypesof manipulations wereexaminedn chaptel5. Speciakttentionhasbeengivento interpolation
betweenspectralervelopes,and betweenspectralervelopesand formants. Other manipulationspasedon
primitive operationon spectrakernvelopes affectingthe amplitudeandthe frequencieof spectralervelopes
have beencovered.

For theapplicationof spectralervelopeso soundsynthesis thetwo casef additive synthesisandfiltering
have beenexaminedin chapter6. For thelatter, the corversioof thedifferentrepresentationt® time-domain
or frequeng-domainfiltersis given.

In orderto easily develop the algorithmsfor spectralervelopeestimation,andto comparethe effects of
thedifferentparametesettingsthe VIEWENV spectralkervelopeviewing application wasdevelopedin the
courseof the projectunderthe MATLAB programmingervironment.

Finally, thespectralernvelopelibrary , whichcombinesall of themethodsvaluatedn theproject,andmalkes
themaccessibléo otherprogramshasbeendeveloped.The principlesof softwareengineeringvereapplied
to therequirementanalysisthedesignof the softwarearchitectureto theimplementationandto thetesting
mechanismslevised,asdescribedn chapter7.
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9.2 Perspectivesof Future Reseach

Apart from the prospectie applicationsof spectralervelopesmentionedin chapter8, which would all be
possiblewith theresultsof the projectasis, otherinterestingdeasandenhancementsould needmorebasic
researchSomeof thesearedescribedn thefollowing.

9.2.1 Optimization of Spectral Representation

Furtherreasearcks possibldan theoptimizationof therepresentatioof spectrakrnvelopesasasamplecturve
in thefrequeng—amplitudeplane.The numberof pointsneccessarto preciselyrepresenaspectrakrnvelope
dependn the frequeng rangeto cover, andon the compleity of the ervelope. It could be automatically
checled if the numberof pointsis high enoughby an analysisof the spectralervelopeto be represented,
andthefrequeng grid could be adaptedo the requirementsEvenwith the currentspectralrepresentation,
nothingconstrainsisto storethe samenumberof pointsat eachframe. Thus,for framescontainingsilence,
only one point would be storedto indicatethat a spectralenvelopeis presentbut on the level of silence.
This would take up almostno spacewhile frameswith complicatedspectrakernvelopescould be storedmore
accurately

9.2.2 Waveletsfor Representation

An interestingperspectie, which hasnot beenexploredin this project,is the applicationof the theory of
waveletsto spectraknvelopes Withoutgoinginto details,waveletsareaway to analysea signalon multiple
time-frequenyg resolutionssimultaneouslyWhile Fourier analysisusessinusoidswith aninfinite time sup-
port, waveletanalysisusesdifferentpossiblesetsof basisfunctionswith limited time support. See[Cha9
for anintroductionto wavelets,[Mal97] for a detaileddescription,and[Hub97] for a insightful accountof
thehistory of wavelets.

Waveletscould be appliedto therepresentationsf spectralkernvelopesn two ways. First, they couldbeused
for datacompressiorin the framework of sampledspectralyepresentationf spectrakervelopes.

Secondafteranideaof ReémiGriborval, acompletelywavelet-basedepresentatiomightbepossiblewhich
couldrendermanipulationvery easy:Figure 9.1 shavs an examplespectralervelope. After the analysisof
the spectralenvelope,interpretedasa signal,with waveletsat differentscaledMZ92], theinflection points
(wherethe curving of the spectralervelopechangedirection) are available, equally at differentscalesas
showvnin figure9.2. Thisinformationis suflicient to reconstructhe spectrakernvelopewith goodprecision.

It canbe seenthateachpeakin the spectralervelopein figure 9.1is identifiedby two inflectionlinesin the
analysisin figure9.21 It is now easyto imaginemoving theselinesto shift formantpeaks or changingthe
spacingto modify their bandwidth.

9.3 Possibilitiesof Artistic Application

In the context of computemusic,the controlof spectrakenvelopesoffersthe possibilityto influencethetim-
breof asoundto agreatdegree,allowing composerso obtaina desiredeffect or characteristiof a soundby
theuseof aflexible, unconstrainedepresentatio(thespectratepresentatiogivescompletefreedomto mod-
ify aspectralkenvelopein ary way). To the performerthe possiblereal-timeapplicationof spectralervelope
manipulationwould greatlyenhancesxpressvity througheasily understandabland“musical” parameters,
i.e. parameterghatpertainto a model(the source—filtemodel)whichis valid for mary instruments.

Betweerthecreationof completelynen soundsandthe modificationof existing sounddies thecombination
of featuresof differentsounds.For example,crosssynthesisvith spectralervelopescrosseshe character
istics of two distinct sounds:The partial structureis taken from one sound,andthe spectralervelopefrom

another

1Contraryto splinerepresentatio(section4.4), wherethereareinflectionandextremapoints thewaveletanalysisyieldsinformation
aboutthe curve behaiour at multiple resolutions.
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Figure 9.1: An artificial spectrakernvelope

Figure 9.2 The inflection points of the spectralernvelopeof figure 9.1. While the x-axis is in the same
frequeng scaleasin figure9.1,they-axis givestheresolutionscaleof the waveletanalysis.
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However, the applicationof the methodsand tools developedin this projectwill not only enrich musical
creation but alsothedemand®f artwill in turninfluencefurtherresearcltonductedn thistopic:

Wheneerl askedcomputemusiccomposersindperformersvhatthey would doif they hadthe possibilities
to manipulatethe spectralernvelopeof sounds.they inevitably cameup with ideasaboutvarying spectral
ervelopesn time.

For aworthwile artisticapplication we have to raiseour point of view abovetheone-dimensiongberspectie
adoptedn mostof this project,in thatthe richnessand complexity of sound—whichs aninherentlytime-
basedphenomenon—werenly viewedthroughthe keyhole of onetime-frame.

Alas, this is out of the scopeof this project. Here,the mechanismsgor effecting thesechangeshave been
developedthe questiorhow to applyandcontrolthemhasto beanswereclsavhere.



Appendix A

EnvelopeViewing Application

The spectralervelopeand signal viewing applicationVIEWENV waswritten to allow for easyinteractve
testingandevaluationof the algorithmsfor spectrakenvelopeestimation All of theimportantparameterfor
the differentestimationalgorithmsaredirectly accessiblegitherby numericalentry or by intuitive sliders,
and changesare reflectedimmediatelyin the graphicaloutput. Specialcare hasbeentaken to facilitate
comparingdifferentalgorithms,or differentparametesettingsfor the samealgorithm.

VIEWENV waswritten usingthe MATLAB programmingernvironment,taking advantageof the high-level
mathematicalunctionswhich areprovided,andtherapid prototypingstyle of programmingdueto MATLAB
beinganinterpretedanguage.

In the following, | will describethe programfrom two differentviewpoints. First, in sectionA.1, aimedat
the userwho wantsto view ervelopesor visualizethe effect of parameterssecond,n sectionA.2 for the
developerwho wantsto extendthe programby new algorithmsor functions.

A.l Usage

This userdocumentatiorof the spectralernvelopeandsignalviewing applicationVIEWENV is structuredas
follows: After explaining how to startthe programin sectionA.1.1, the basicentitiesthe programhandles,
filesandcurves,areintroducedn sectionA.1.2. This sectionwill alsoexplainhow to selectwhatto display
andhow to navigatein the datadisplayed.SectionA.1.3 will explain seseralotherfunctionsassociateavith
the displaywindow. SectionA.1.4 will explain the control window wherethe parametergor the various
spectralervelopealgorithmsare specified. Eachparametemill be describedn detail. SectionA.1.5 will
explainthemanipulatiorwindow, sectionA.1.6, finally, will explainthepossibilitiesfor interactive evaluation
of the spectrakenvelopeestimatiormethods.

A.1.1 Running VIEWENV

To startVIEWENV, youhaveto enterits directory(src/viewenv ) andstartM ATLAB by typingmatlab5 .
Thiswill callthescriptfile startup.m , whichsetsthecorrectsearctpathsandstartstheprogramby calling
thefunctionrun . Thisfunctioncanalsobe calledfrom the MATLAB promptto reinitialize the program.

This shouldbring up severalwindows, the displaywindow (figure A.1) for displayof dataandgeneralset-
tings,the controlwindow (figure A.2) for loadingdataandsettingparametersandthe manipulatiorwindow
(figure A.6) for manipulationof spectralervelopes.

If you'reusingMATLAB 5.00r 5.1, you’ll haveto live with somebugswhich arefixedin version5.2: First,

whenmorecharacterareenteredn atext editfield thanfit in thewidth of thefield, thetext becomesnvisible.
However, it is still thereandcanbe used(just not seen)andwhencharacteraredeletedjt becomewisible
again.SecondVIEWENYV is programmedisingthe object-oriente¢programmingeaturesof MATLABS. In

the early versions,the objectand classhandlingwas not implementedcorrectly leadingto strangeerrors
uponuseractions which would go away, whentried a secondime. Justtry again.
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Figure A.1: TheVIEWENYV displaywindow. The main partof the window is takenup by the displayaxes
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Figure A.2: TheVIEWENYV controlwindow.

A.1.2 Filesand Curves

VIEWENV canload files containingvarioustypesof dataanddisplay themdirectly, aswell ascomputing
datafrom loadedfilesanddisplaythat. Everythingthatcanbedisplayeds calledacurve Everyfile, together
with its derivedcurvesis groupedinto arectangulaframein the controlwindow (figure A.2, seealsofigure
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A.3for agraphicalpresentatiomf the derivationrelation). Every curve hasatitle which is displayedn bold
in the controlwindow. Thedifferentcurveswill bedescribedaterin sectionA.1.4.

A.1.2.1 File names

File namescanbe specifiedn threeways:

As a completefile path
The path(directory+ filename)canbe absoluteor relative to the currentdirectory

As an extensionto the basename
If thefile namecontainsa“%” characterthis will bereplacedy the stringenteredn theBase name
edittext in the displaywindow. Thatway, the variousfiles usuallyrelatedby beinggeneratedrom a
singlesourcecanbeaccessedapidly. (E.g. from somefile sound.sf  you'll have sound.format
sound.sdif , sound.synt.sf , etc.)

As areferenceto an alreadyloadedfile
If thefilenameis of theform $n, wheren is betweerl and3, thisfile will sharethedataof thefile n of
thesametype,i.e. from theframesin the controlwindow left or right of thefiles frame. For example,
if thenameof Sound file 2 is specifiedas$1, pressindoad (of soundfile 2), will tell it to getits data
from soundfile 1, whatever will beloadedthere,while the parameterstayindependentThis allows
to comparddifferentsettingsof parametergor the algorithmson the samedataset. Seefigure A.3 for
agraphicalpresentatiomf thereferenceelation.

A.1.2.2 Loading files

Filescanbeloadedin two ways: individually, by clicking the Load buttonunderneatlthefile nameedittext
in the controlwindow, or all filesin a groupcalledthe load setatonce. All files whoseboxin load set is
checledwill beloadedwhenthe Load set buttonnext to theBase name in thedisplaywindow is pressed.
This combinesnicely with the “extensionto the basename”way of specifyingfile nameswhenall related
files with the samebasenamearein theload set. Then,after changingthe basenamethe new files canbe
loadedwith onemouseclick.

A.1.2.3 Choosingthe Display

In the lower left cornerof the displaywindow (figure A.1), 7 checkboxswith a pop-upmenucanbe seen.
Thesewill bereferredto asthedisplaypop-ups Initially, whennofiles areloaded all the 7 pop-upswill only
have oneentry: nothing, sono curve will bedisplayed.Every curve thatis presen{beit dataloadedfrom a
file or calculateddata)will belistedin eachof the 7 pop-upmenus.By selectinga desiredcurve in oneof
thepop-upsijt will bedisplayedn thedisplaywindow. Thus,upto 7 curvescanbeviewedsimultaneously

The 7 checkboxsare similar to the mutefunction on audio mixing desks: When switchedoff, the curve
selectedn the pop-upwill notbedisplayed.This senesfor quick switchingoff of a curve,whenit obscures
somedetail in the other curves displayed,without having to take the somavhat longer way of selecting
nothing in thedisplaypop-up.Also, differentcombination®f curvescanbeselectedandconfiguredjuickly.

ConsistentColour Coding

An importantpoint is the colour that is associatedn a fixed and immutableway with eachslot. Thus,
choosinga slot for a curve alsochooseghe colourwith which the curve will bedisplayedin the axesof the
displaywindow. This colourcodinghasbeenkeptconsistenacrossall the windows of the program.When
acuneis selectedn a pop-up,andthusthe colour chosenthe headingof the curve in the controlwindow
(figure A.2) is displayedin thatcolour, also. Also, the Spectrogram buttonin the displaywindow, andthe
checkboxin the manipulatoinwindow (figure A.6) will changeto that colour, to indicatethe curve being
affectedby their actions(seebelow).
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Figure A.3: Thederivationandreferenceelationsin the controlwindow

A.1.2.4 Navigation

The navigation areain figure A.1 shavs thetime-positionin the datawe’re looking at, and offers controls
to changeit. The displayis via threetext fields, that give the positionin secondssamplesand frames.
(Samplesareonly valid, if thereis a soundfile loaded.) All of thesethreefields canbe edited,and new
positionsentered.Below the edit fields, thereis a slider andfour buttonsto changethe currentframe. The
slider canbe draggedor setto a positionby usingthe middle mousebutton. Clicking on the slider arrons
increments/decrementise frameby one. Clicking next to the slider handleincrements/decremenbs 10.
The four buttonsbelown sene the functions“go to first frame”, “go to previousframe”, “go to next frame”,

and“go to lastframe”.

How is the connectiondravn betweenframes,samplesandtime positions? All loadeddatahave a time
base(becausdime tagsarestoredwith thefile, or becauset is clearhow to convert positioninto time and
vice versa) but only onedatasetcandetermineherelationbetweertime andframenumberi.e. whattime
positionto jump to, whena framenumberis entered.This datasetis calledthe time master. Wheneer it

changesthisis printedon the terminal. To tell which datasetis the time mastey priorities have beengiven.
The datasetwith the highestpriority will alswaysbetime master Thelowestpriority assignedo the sound
file andits derivedcurves. Thencomesthe ervelopefile, andthe formatfile hashighestpriority. Within the
maximallythreedatasetsof onetype,the onewith thelowestnumberhashighestpriority.

Whenatime numberis enteredihe frameof thetime masterclosesto thattime is selected.
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A.1.3 Other Functionsin the Display Window

The Interaction Area
The interactionareaabove the navigation areain the displaywindow figure A.1 offers miscellaneous
functions. Thereis the edit field for the basename(seeA.1.2.1),the Load set button (seeA.1.2.2)
which have alreadybeenexplained.

Print Preview

TheExport buttonwritesthecontentof thedisplayaxesto ablack-and-whitdPostScripfile export.eps
thatcanbe printedor includedin paperdocumentsuchasthespectrakernvelopereport. All curveslose
their coloursin the PostScript-file.Becausehis is not convenientwhenseveral curvesaredisplayed,
the Preview checkboxswitchesto the preview modefor generatinglack-and-whitecurveswith dif-

ferentline styles(dasheddotted,etc.) to distinguishthem. As with the colour, eachdisplaypop-up
hasa fixedline style associatedo it, so differentcombinationsof line stylescanbetried out. Also,

in preview modea legendappearsyhich shavs the nameof eachdisplayedcurve alongwith a short
exampleof theline style or symbolof thatcurve.

Position and Formant Measurement
Below thePreview andExport elementsacheckboxor positionmeasurememith the mouseis situ-
ated.Whenchecled,clicking in thedisplayaxesshowvs the positionin thefrequeng—amplitudeplane
in Hz anddB. Moreover, whenclicking anddragging.a specialtool for manualformantmeasurement
in spectralervelopesis available,to retrieve the frequeng, amplitudeandbandwidthof a formant. It
measuresanddisplaysthe distanceof the mousefrom the pointfirst clicked on (markedwith a cross)
in frequeny andamplitude.For frequeng, two symmetricverticallineswill appeaion equaldistance
from the startingpoint, asshavn in figure A.4.
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Figure A.4: Formantmeasurementith VIEWENV

Formantmeasurememproceedsasfollows: The startingpoint is chosento be the peakof a formant
apparenin the spectralervelopedisplayed. After clicking and holding down the left mousebutton,
the cursoris displacedo -3 dB amplitudedistance.Then,the cursoris movedhorizontally until the
frequeng lines crossthe spectralervelope. The frequeng distancedisplayedis the bandwidthof the
formant. Moreover, becaus®f thetwo symmetricfrequeng cursors the symmetricityof the formant
canbechecled.

Zooming
Whenthe mousepositioncheckboxs switchedoff (whichis thedefault),zoommodeis selected By
clicking the left mousebutton in the display axes,a zoomin of 50% is activated. The right mouse
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buttonzoomsout. By draggingwith the left mousebutton,a zoomrectanglecanbe openendandby
doubleclicking theleft mousebutton,we returnto the normalfull view.

Spectrogram
Finally, a bit astrayfrom the interactionarea,the Spectrogram button at the very bottomto the left
selectsa spectrogranview (of the time—frequeng plane,whereintensityis codedby colour) of the
curvethatwasmanipulatedastin the displaypopups.

A.1.4 Parametersand the Control Window

The controlwindow (figure A.2) containsthreeidenticalcolumnsof parametergor the variousalgorithms,
groupedn boxeshy thefile they arederivedfrom. Thevaluesof almostall numericalparameterareentered
anddisplayedeitherdirectly in the edittext next to their name,or graphicallyby usingthe slider belov. As
usual,the arrows allow an incrementor decremenbf one “step” (whatever a stepis for that parameter),
clicking next to thesliderhandlechangeshevalueby a biggeramount,andthesliderhandlecanbedragged
directly to the desiredposition.

The settingsmadecanbe recordedor lateruseby saving thewindow. To do this, selectthe Save As entry
from the File menuandenteror selectcontrol.m  asthefile name overwritingthe previoussettings.

Thecurvesandtheir respectie parameterareexplainedin thefollowing sections.

A.1.4.1 SoundFile

Displaysthe Fourierspectrunof asoundfile. Besideghe standardile parameterghelengthof thewindow,
from which the spectrunwill be computedcanbe specifiedbothin secondsandin numberof samples.

LPC
Displaysthe spectralervelopecomputedby linear prediction(seesection3.2). The order parame-
ter specifiesthe numberof polesto useto approximatethe spectrum. Higher ordersyield a closer
adaptatiorto the spectrumput alesssmoothspectrakervelope.

Cepstrum
Displaysthe spectralenvelopecomputedby the continuouscepstrummethod(seesection3.3). The
orderparametespecifieghe cutoff frequeny of the smoothingfilter. A higherordermeanshatmore
high frequeng componentsi.e. rapid changesareleft in the spectralernvelope.

A.1.4.2 EnvelopeFile

Displaysthe spectralenvelopetakendirectly from afile. Only the standardile parameterarepresent.The
two possibleformatsof anenvelopefile are:

e ASCII spectralervelopeformat (extension.env ), wherethe first numberof the file specifiesthe
numberof pointsn of the ervelope,followed by oneline for eachframe, containingthe time of the
frame andthe n amplitudevaluesof the spectralenvelopefor equidistantfrequenciesspacedf,/n
Hertz apart. Note that this formatis obsoleteandincomplete.lt wasonly usedin an early teststage
andlackstheinformationaboutthe samplingrate f,. It is now supersedeby the:

o SDIF spectralervelopeformat (extension.sdif ), which containsthe ernvelopein binary form, plus
all necessarneaderinformation. Seesection2.5 for a detaileddescriptionof the spectralervelope
SDIFfile format.

1If the numberof sampless a power of two, the FastFourier Transform(FFT) algorithmwill be used,otherwisea DiscreteFourier
Transform(DFT) will be performed.
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A.1.4.3 Format File

The format file itself containsthe harmonicpartialsof a sound,as generatecby the ADDITIVE program
(seesection2.2) or HMM. Both,the ASCII format (extension.format ), andthe binary format (extension
fmt ) arerecognizedaswell asfiles compresseavith gzip (extensions.format.gz and.fmt.gz
respectiely). Eachpartialis displayedasallittle crossatits frequengy andamplitude.

DiscreteCepstrum

Displaysthe spectralenvelopecomputedby the discretecepstrummethod(seesection3.4) from the
partialsof the formatfile, which aredisplayedtoo. The parameterare:

Algorithm Choice betweenGalas, Galas cloud, algorithmsdevelopedby Thierry Galas, Regu-
larized, Reg.+Border, Reg.+-Border, regularizeddiscretecepstrum,Cloud, Cloud+Border,
Cloud+-Border, regularizeddiscretecepstrumwith statisticalcloudsmoothingwherethe+Bor-
der versionaddspointsatthelow andhigh borderof thefrequeng rangeat half theamplitudeof
thehighest/lavestpartialto forcethe envelopegoingdown, andthe +-Border versionaddsthese

pointsonly whenthereis enoughspace For moredetails,seethedescriptionof thealgorithmsin
section3.5.4.

Frequencyscale Choicebetween

Linear: Thefrequenciesf the partialsareusedasis.

Log freq: A logarithmicscaleis appliedto the frequencie®f the partialshigherthanthe break
point to increasethe resolutionof low frequeng detailsto the expenseof high frequeng
details,which arent perceptuallyimportant.

Log norm: Uselogarithmicscaleasabove,whichis normalizedscalecback)to covertherange
of 0to f,/2 in orderto avoid rangeerrors.

Log corr: Apply normalizedogarithmicscaleafter addingpointsin the Cloud algorithm. For
theotheralgorithms this is the sameasLog norm.

Breakpoint If alogarithmicfrequeng scaleis selectedthe first value specifiesthe breakpoint be-
tweenthe linear part andthe logarithmic part of the scale. The secondvalueis the outputfre-
queng at the breakfrequeng. For the normalizedand correctedogarithmic scale,the second
parametehasno influence(seesection3.5.3for moredetails).

Mouseinput If checled,the Breakpoint parametecanbe enterednteractvely usingthe mouse.As
canbeseenin figure A.5, acrosshail(thetwo intersectingdashedinesat the breakinput/output
frequencies)s drawvn, which canbe movedby clicking the mouseor maving the mousewhile a
buttonis presseddragging).Also, theresultingpartialfrequenciegreplottedasaninput/output
relationship(the y-axisis is to be interpretedasrangingfrom 0 to f, /2 Hertz, for that matter),
alongwith agrey dottedidentity line for reference.

Themouseinput shouldalwaysbe active for only oneof thethreediscretecepstruncurves.

Order The orderparametecommandghe accurag with which the given partialsare approximated
by thespectrakervelope.A highvaluewill leadto a curve hitting the partialsexactly, butis more
demandingcomputationally

Regularization The regularizationfactoris a constrainton the shapeof the spectralervelope. It
introducesan additionalpunishmenibf irregularitiesdueto to too strongan inclination of the
curve (seesection3.5.1for moredetails).

Thevaluesthatcanbeenteredangefrom 0 (no constraint}o 1 (heavy constraint)with interme-
diatevaluesof theform d - 10", whered = 0..9 andn = —5.. — 1. Clicking the sliderarrons
resultsin anincrement/decrememf d, with a jump to the next higher/laver power of ten (e.qg.
0.0009will incremento 0.001,then0.002).Clicking next to the sliderhandlemultiplies/dvides

by ten. This way, a wide rangeof regularizationfactorswith sufficient precisioncanbe entered
corveniently

Show deviation Whenthis checkboxis on, the absolutedeviation of the spectralervelopefrom the
curveobtainedby linearinterpolationis displayedn dB. Thisis usedfor theevaluationof spectral
ervelopeestimationasdescribedn section3.6 andshownnin figure 3.13.
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Figure A.5: Display of thelogarithmicfrequeng scalewith mouseinput of the breakpoint for logarithmic
frequeng scaleenabled

A.1.5 The Manipulation Window

The manipulationwindow (figure A.6) sofar senesonly onemanipulationthe skewing. It is describedn
section5.3. Thefour parametepf skewing canbe enterechumericallyin the edit fields, or by sliders. With
the Skew Range checkboxskewing canbeswitchedon or off. Alwaysthelastcurve handledn thedisplay
pop-upsis the oneto be skewed,which is indicatedby the colour of the Skew Range checkbox.Figure5.8
shavs anexampleof the skewing manipulation.

[ viewEny Manipulation Window

File  Windows Help

I Skew Range |

Lowar Freg |1 naa
| =

Upper Freq IZDDD

- I ]

Middle Freq |1 a00

S| ]

Middle Mew |1 ann

S| ]

Figure A.6: The VIEWENV manipulatiorwindow.

A.1.6 The Evaluation Window

The evaluationwindow senesa ratherspecifictask(to the spectralervelopeproject),andthe userinterface
is thereforenot very elaborate Thetaskis the evaluationof alarge corpusof audiodata,describedn section
3.6. After the corpushasbeenanalysedthe resultfile giving the maximumdeviationsfor eachframecan
be loadedanddisplayedascanbe seenin figure A.7. Theupperline shavs, for eachframe,the maximum
absolutedeviation betweerthe estimatedspectrakenvelopeandthelinearinterpolation.Thelowerline shavs
the amplitudeat which the maximumdeviation occured. The text displaybelow the axesshaws the frame
numberat which the cursoris positioned(frame), maximumdeviation for thatframe (maxdiff), amplitude
value (env), andfrequeng (freq) at which the maximumdifferenceoccured. By meansof a frequeng
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cursor and zoominginto the interestingparts(toggle zoommode/cursomodeby pressingz’), the peaks
in the deviation curve canbe examined(seefigure A.8). If it is a significantpeak(if it is not ata very low

amplitudeor atthebordersof thefrequeng range)we canjumpdirectly to thedisplayof theframeproducing
thaterrorin the displaywindow by pressingd’. By pressingf’, thesepeaksarefiltered outbeforehand.

@ viewEny Check Difference Window

File  Window Help

100 T T T

-150 -

-Z200 1 1 1 1

1 1 1 1 1
0 200 400 600 aoo 1000 1200 1400 1600 1800 2000

frame 943 maxdiff 16.928 env -79.551 freq 21835

Figure A.7: Evaluationwindow, full view

A.2 Architecture

Thissectionwill briefly explaintheinternalstructureof theenvelopeviewing applicationV IEWENV to allow
for easierextensionor modification.

Notethattheterm derivedhasalreadybeenusedin sectionA.1 in the senseof computationallyderived In
this section,asin object-orientecbrogrammingn general,it is usedin both this senseandin the senseof
derivedby inheritancein descriptionof relationsbetweerclasses.

Theintendedobject-orientectlasshierarchyis shavnin figure A.9. Thedifferenttasksof a curve (something
to be displayed)anda file (loadeddata)are separatedsincesomecurvesdon’t own their properdata, but

arederived from dataloadedin a differentclass. This type of derivation is expressedasa usagerelation,

e.g.betweerDiscreteCepstrumandFormat Thoseclassesvho directly displaytheloadeddatausemultiple

inheritancefrom CurveandFile, e.g. Envelope

Unfortunately the realizationof the principlesof object-orientedorogrammingis far from perfectin the
MATLAB programminganguagelndeed,t is quite cumbersoméo write classese.g.theinheritancehasto
be“handmade”andaseparat@irectoryis neededor eachclasswith aseparatsourcefile for eachmethod.
Thus,for reason®f feasibility, the classdesignhadto be strippeddown to the oneshown in figure A.10.

Thenew basicclassCurveis afusionof the curve andfile functionalites althoughsomeof themwill notbe
usedby certainderived classes.The Curveclasshandlesall commonalitiesof the differentderived classes,
suchasthe callbacksrom thefile handlingbuttonsof the userinterface.

To definea new classderived from Curve all that hasto be doneis to write a constructoiwhich calls the
Curveconstructorprovideaload.m method,apaint.m  method,andpossiblyacallback.m  method,
to handleuserinterfaceelementgo input parametewralues.
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[® viewEnu Check Difference Window

File  Window Help
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Figure A.8: Evaluationwindow, zoomedin. Here,singlepeaksof high deviation canbe individually exam-
ined.

Figure A.9: Optimalclassdesignfor VIEWENV.
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Discrete Cepstrum
Q

Figure A.10: Feasibleclassdesignfor VIEWENV.
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