
ProceedingICMC99(InternationalComputerMusicConference),Bejing,China,October, 22th-28th1999

SINOLA: A NewAnalysis/SynthesisMethod usingSpectrum
PeakShapeDistortion, Phaseand ReassignedSpectrum

Geoffroy Peeters,Xavier Rodet
Ircam- CentreGeorges-PompidouAnalysis/SynthesisTeam,

1, pl. Igor Stravinsky, 75004Paris,France
Geoffroy.Peeters@ircam.fr, Xavier.Rodet@ircam.fr

Abstract

In thispaperwepresentanew Analysis/SynthesismethodnamedSINOLA,whichbenefitsfrombothsinusoidaladditive
modelandOLA/PSOLAmethod,andwhichallowsadequateprocessingaccordingto theinherentlocal characteristics
of thesignal. All theparametersof themodelsarederived at thesametime from spectrumanalysis.We proposean
analyticalformulationof a Complex Short-Time SpectrumDistortionmeasure,which allows the retrieval of precise
sinusoidalparametersaswell as their slopes.A new partial trackingmethodis proposedwhich benefitsfrom these
informations. ReassignedSpectrumis usedin both time and frequency in order to characterizethe signal and to
positionthePSOLAmarkers.

Intr oduction

Sinusoidal additive Analysis/Synthesis(A/S) is ex-
tremely accuratefor signalswhich can be considered
as a sum of sinusoidswith stationaryparametersin a
window of 3 to 4 fundamentalperiods. On the other
side, Time-DomainOverlap-Add(TD-OLA) and TD-
Pitch-SynchronousOLA (TD-PSOLAwhich is impor-
tantfor periodic,i.e. harmonicsounds),arewell adapted
for non-stationaryor non-sinusoidalcomponentsandre-
quireshorterwindows. We presenta new A/S method,
namedSINOLA, which benefitsfrom both the sinu-
soidaladditiveA/S andOLA/PSOLAmethod.

1 The SINOLA model

In SINOLA, the sinusoidal additive model is used
for the stationarysinusoidalcomponentswhile OLA
methodis usedto processattacks,transients,non or
nearlyperiodicpulsesandrandomcomponents.

SIN: SinusoidaladditiveA/S model[6]

where , and aretheamplitude,fre-
quency andinitial phaseof the frequency com-
ponentof the signal. Usually and are
supposedto be low-passsignalsandaretherefore
consideredconstantduringa shortanalysisframe.
At the synthesisstage,theseparametersareinter-
polatedbetweenadjacentframesin orderto avoid
signaldiscontinuities.In section2.3weshow how
parametervariationscanbeincludedandevaluated
in theanalysisstage.

OLA: TD-OLA/TD-PSOLAmethod[3]

As opposedto sinusoidaladditive A/S, OLA and
PSOLA do not usea model. This canbe viewed

as a drawback sincepossibilitiesfor soundmod-
ification are limited. But it can also be viewed
as an advantagesince the whole signal frame is
taken into account,not only the stationarysinu-
soidalpart. The OLA methodconsistsin decom-
posing the signal into overlappingframeswhile
PSOLAconstrainstheseframesto bepositionedin
a pitch-synchronousway at theanalysisandat the
synthesisstage.A generalformulationis:

where

– is the frameobtainedby windowing
thesignalwith a function definedon
a duration andcenteredaroundtime ,

– is themodified frame,

– is the synthesissignal constructedby
overlap-addingthe successive framesposi-
tionedat the .

In the caseof PSOLA the are positionedin a
pitch-synchronousway, is equalto thelocalfun-
damentalperiodandthe positionsof the deter-
minethefundamentalperiodsof thesynthesissig-
nal. TheOLA/PSOLAmethodis depictedin Table
1 for eachtypeof signal.

2 Parameter Estimation

Threetypesof informationareneededfor SINOLA and
retrieved simultaneouslyusingthe ShortTime Fourier
Transform(STFT)of thesignal:

1. a time-frequency characterizationof thesignalfor
its decompositioninto transients,sinusoidaland
non-sinusoidalcomponents(see2.1,2.2,2.3.2),
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Table1: OLA - PSOLAmethodfor differenttypesof signals

Type transient random random (superimposed
to a periodic part)

periodic

Method OLA OLA OLA-PSOLA PSOLA
= transientpositions 1+

randomcomponent
= of periodicpart+
randomcomponent

original sig-
nalpitch (see2.4)

= transientpositions = of periodicpart synthesissig-
nalpitch

alternatetimereversing+
morphing between
and

alternatetimereversing+
morphing between
and

morphing between
and

2. thetime-varyingfrequency, amplitudeandphaseof
thesinusoidalcomponents(see2.3),

3. the pitch-synchronousmarkers in the case of
PSOLA(see2.4).

2.1 Transient detection

Transientsare detectedusing cross-entropymeasure-
mentderivedfrom theKullback-Leiblerdistance[2]:

(1)

where , and is theam-
plitudeof theSTFTat time andfrequency .

2.2 Sinusoidal versus Non-sinusoidal
(S/NS)signalcharacterization

TheS/NSsignalcharacterizationconsistsin measuring
how well a partof thetime/frequency planecanberep-
resentedby a sinusoidalmodel. It is thereforestrongly
dependenton the assumptionsdefining the sinusoidal
model: localstationarityor non-stationarityof thesinu-
soidalparameters.Numerousmethodshave beenpro-
posedfor S/NScharacterization(see[8] for a review)
but mostof themusethisstationarityassumption.

In [7] we have proposeda method,calledthe“Phase
DerivedSinusoidalityMeasure”(PDSM),whichallows
to measurethe sinusoidalitycoefficient without a sta-
tionaryfrequency assumption.PDSMwasbasedon the
following considerations:

for the main-lobeof a sinusoidalcomponent,the
frequency derivedfrom thecomplex spectrumand
thefrequency derivedfromtheevolutionof thecor-
respondingphasespectrumarethesame

when parameterstationarity is not assumed,we
cannotderive a sinusoidalitymeasurefrom an in-
stantaneousmeasurementonly, but through the
continuityof theparametersalongtime.

1 means“averagefundamentalperiodof neighboringperi-
odic regions”

ThereforePDSM comparesa temporalmodel of the
evolution of measuredfrequenciesand a temporal
modelof the correspondingphasederivative. But the
measurementsusedin [7] to createthemodelswerebi-
ased(see2.3.1),becausetakenfrom astationarymodel.
In section2.2.1,weshow how thebiasin frequency can
beavoidedby bypassingtheuseof a model. In section
2.3,we proposea new modelwhich takesinto account
modulationof amplitudeandfrequency.

2.2.1 PDSM using frequency“r eassignment”

”Reassignment”[1] hasbeenproposedto improvetime-
frequency representations.In usualtime/frequency rep-
resentations,thevaluesobtainedwhendecomposingthe
signalon the time/frequency atomsareassignedto the
geometricalcenterof the cells (centerof the analysis
window andbins of the FFT). In [1] it is proposedto
assigneachvalue to the centerof gravity of the cell’s
energy. Frequency reassignmentcanbewritten [1] (us-
ing band-passconvention):

(2)

Thesecondformulationof is theinstantaneous
frequency definitionwhich is oftenusedin orderto ob-
tain precisefrequenciesfrom a DiscreteFourierTrans-
form. Thethird formulationexpressesthecorrectionto
applyto thediscretefrequency in orderto obtainthe
exact frequency. The distancegiven by PDSM canbe
shown to besimilar to this correction,but using(2) we
do not face the frequency biascited above. The third
formulation also provides a low cost methodto com-
putetheinstantaneousfrequency andto measurethesi-
nusoidality.

2.3 Complex Short-Time Spectrum Dis-
tortion measure

In classicalA/S methods,parametersareoftenestimated
from short-timespectra.Thesignalis usuallyassumed
to be stationaryon the analysiswindow and, thus,the
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spectrumis assumedto have peaksat the frequencies
of thesinusoidalcomponents.Unfortunately, thesignal
is rarely stationaryon the analysiswindow: amplitude
andfrequency modulationof signalcomponentsdistort
the shapeof the assumedspectralpeaks,thereforein-
ducing incorrectparameterestimation. Previous stud-
ies have shown the importanceof spectrumdistortion
inducedby thesevariationsandhave proposedpartial
solutions(neuralnetwork[5], signalnormalization[7]),
or analyticalformulation[4]. We proposeherea com-
pleteparameterestimationmethodtaking into account
amplitudeandfrequency modulation.

The signal model is a sumof sinusoidswith linear
variationof amplitude( ) andof frequency (

). is the initial phaseand is the peakindex.

For in the th frame centeredon , (we note
):

(3)

The Short Time Complex Spectrum is estimatedus-
ing a truncatedgaussianwindow where and

arethe meanandstandarddeviation of the gaussian
functionand is thesizeof the truncation( mustbe
greaterthan in orderto reducethetruncationeffect).
The Distortion is measuredby fitting a secondorder
polynomial aroundeachlog-amplitudespectrumpeak
( ) andaroundeachcorresponding
unwrappedphasespectrumregion ( ).
For aspecificpeakindex, parametersaregivenby:

(4)

where

2.3.1 Biasof usualsinusoidalestimators

From3 and4 it is easyto show that

the frequency of the maximum of the log-
amplitudespectrum(noted andusuallycon-
sideredasthefrequency positionof thesinusoidal
component)is in fact at . Therefore
usualfrequency estimatorshaveabiasproportional
to theamplitudemodulation,to thefrequency mod-
ulationandto thelengthof theanalysiswindow.

a similar bias is found for the log-amplitudeof
thespectrumat which is equalto

insteadof

asimilarbiasis foundfor thephaseof thespectrum
at which is equalto atan

insteadof
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Figure1: Curvaturecomputingfor couplesof peaks(m,n)
and(m,n+1)

2.3.2 Sinusoidality measure and Partial Tracking
with time-varying parameter

Extendingthe sinusoidalmodel with linear variations
rendersS/NSestimationmoredifficult. As suggestedin
2.2, informationaboutsinusoidalitycanonly be given
by the continuity of the modelparametersalongtime.
This can be evaluatedby a partial tracking method.
Usual partial tracking methodsconsiderthreesucces-
sive framesin orderto constructa track. Sincethetime
derivativesof parametersarepart of our model,it suf-
fices to consideronly two framestogether. For each
coupleof peaks (seeFigure1), a track-score
is computed. In a frequency band,thecouplethatleads
to the maximumscore(if this scoreis above a certain
threshold)is chosen. If the maximumscoreis below
thethreshold,thereis a birth, a deathor no trackin this
band.

(5)

where and are the maximumcur-
vature 2 of the 3rd order polynomials with the fol-
lowing boundaryconditions(see Figure 1): for fre-
quency , for amplitude

. and aremodel
parameters.Resultsobtainedwith (5) areshown in Fig-
ure2.

2.4 PSOLA markers positioning

PSOLAmarkers(noted ) have to beplacedin a pitch
synchronousway, i.e. thedistancebetweentwo markers
mustbe equalto the local fundamentalperiod. More-
over, becauseof the windowing appliedin the PSOLA
method,the markersmust be closeto the local max-
imaof signalenergy. In speechprocessing,GlottalClo-
sureInstants(GCI) detectionmethodsareusedin order
to placePSOLA markers[9]. TheseGCI occurpitch-
synchronouslyandarecloseto thelocal maximaof en-
ergy. For musicalsignals,GCI methodsarenotrelevant.

2secondorderderivative
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Figure2: Partial Trackingmethod:frequency andfrequency
slope estimations(thin dashedlines), partial births (thick
dashedlines), partials (thick lines), signal: female singing
voice,window size:14 ms,analysisstep:7 ms

This is why othermethods,which usephasespectrum
information,have beenproposed.But then,we cannot
guaranteethat markerswill be closeto local maxima
of energy. In order to fulfill both periodicity anden-
ergy conditionswe proposeherea new methodbased
on group delay. The methodusesa weightedsum of
frequency componentgroupdelays. The weighting is
madeaccordingto componentamplitudes. Let us de-
fine:

Gd
(6)

whereGd is thegroupdelayof frequency for
a window centeredat time . Gd can be com-
puted in an efficient way using time “r eassignment”
[1] whichcanbewritten (usingband-passconvention):

(7)

where we recognize,in the secondformulation, the
groupdelaydefinition. As explainedin the following,
this relatesthenew PSOLAmarkerpositioningmethod
to time reassignment.The third formulation gives a
methodfor computingthegroupdelayat low cost.

Markerpositionsarethengivenby the local maxima
of theinverseof thederivative of (specialcarehas
to betakenconsideringthat is not injective).

(8)

Becauseof the windowing applied before computing
Gd, a confidencemeasureof must be computed
for each . It is givenby an amplitudeweightedstan-
darddeviation (in ) of the Gd . Large std val-
uesmeansmallconfidencewhile smallstdvaluesmean
largeconfidence.Resultsobtainedwith thisnew method
areshown in Figure3.
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Figure3: PSOLA markerspositioning: signal (top), confi-
dencemeasure(middle),inverseof thederivativeof (bot-
tom),signal:malespeechvoice,window size:20ms,analysis
step:1 ms

Conclusion

SINOLA derivesfrom spectrumanalysisall the infor-
mationnecessaryfor highqualitysoundprocessingsuch
astime warping,pitch shifting,spectrumdilatationand
so on. Becauseof its dual processing(SIN + OLA), it
preserves the inherentlocal characteristicsof the sig-
nal (sinusoidal,random-noise,attacks-transients)and
allowseasyandnaturalmodificationsof thesignal.Ex-
amplesof the soundquality obtainedwith this method
will begivenduringthepresentationof thispaper.
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