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Abstract

In thispapemve presenainew Analysis/SynthesisethodhamedSINOLA, which benefitfrom bothsinusoidabdditive
modelandOLA/PSOLAmethod,andwhich allows adequat@rocessingccordingo theinherentlocal characteristics
of thesignal. All the parametersf the modelsarederived at the sametime from spectrumanalysis. We proposean
analyticalformulationof a Complex Short-Time SpectrumDistortion measurewhich allows the retrieval of precise
sinusoidalparameteraswell astheir slopes. A new partial trackingmethodis proposedwhich benefitsfrom these
informations. Reassigne@®pectrumis usedin both time and frequeny in orderto characterizethe signal and to
positionthe PSOLAmarkers.

Intr oduction asa dravback since possibilitiesfor soundmod-

ification are limited. But it can also be viewed
Sinusoidal additive Analysis/Synthesis(A/S) is ex- as an adwantagesince the whole signal frame is
tremely accuratefor signalswhich can be considered takeninto account,not only the stationarysinu-
as a sum of sinusoidswith stationaryparametersn a soidal part. The OLA methodconsistsn decom-
window of 3 to 4 fundamentabperiods. On the other posing the signal into overlappingframeswhile
side, Time-DomainOverlap-Add (TD-OLA) and TD- PSOLAconstrainghesdramesto bepositionedn
Pitch-Synchronou®©LA (TD-PSOLAwhich is impor a pitch-synchronousvay at the analysisandat the
tantfor periodic,i.e. harmonicsounds)arewell adapted synthesistage A generaformulationis:
for non-stationargr non-sinusoidatomponentandre-
quire shorterwindows. We presentanew A/S method, si(t) =s(t)-hari(t —t)
namedSINOLA, which benefitsfrom both the sinu- si(t)  —5(t)
soidaladditive A/S andOLA/PSOLAmethod. (1) =228t — (4 —ti)
1 The SINOLA model where

— s;(t) isthe:!” frameobtainedby windowing

In SINOLA, the sinusoidal additive model is used thesigna|with afunction thl(t) definedon
for the stationarysinusoidalcomponentswhile OLA aduration2/,; andcenteredaroundtime¢;,

methodis usedto processattacks,transients,non or

Y — §;(t) isthemodifiedit” frame,
nearlyperiodicpulsesandrandomcomponents.

— §(¢) is the synthesissignal constructedby

o SIN: Sinusoidakdditive A/S mOde|[6] Over|ap_addingthe successe frames posi_
. tionedatthet;.

s(t) = ZAl (1) - sin (‘MO) "’/ “i (t)dt) In the caseof PSOLAthe ¢; are positionedin a

! 0 pitch-synchronouway, L; is equalto thelocalfun-

whereA(t), w; (t) andg, (0) aretheamplitude fre- damentalperiodandthe positionsof thet; deter

gueng andinitial phaseof thel*” frequeng com- minethe fundamentaperiodsof the synthesisig-

ponentof the signal. Usually 4;(¢) andw;(¢) are nal. The OLA/PSOLAmethodis depictedn Table
supposedo be low-passsignalsand aretherefore 1 for eachtypeof signal.

consideredonstaniduring a shortanalysisframe.
At the synthesisstage theseparametersre inter-
polatedbetweenadjacenframesin orderto avoid
signaldiscontinuitiesIn section2.3we shav how
parametevariationscanbeincludedandevaluated
in theanalysisstage.

¢ OLA: TD-OLA/TD-PSOLAmethod3] , o ,
, . . 1. atime-frequeng characterizatiowf the signalfor
As opposedo sinusoidaladditive A/S, OLA and its decompositioninto transients,sinusoidaland
PSOLA do not usea model. This canbe viewed non-sinusoidatomponentgésee2.1,2.2,2.3.2),

2 Parameter Estimation

Threetypesof informationareneededor SINOLA and
retrieved simultaneouslyusingthe Short Time Fourier
Transform(STFT)of thesignal:



Tablel: OLA - PSOLAmethodfor differenttypesof signals

Type transient random random (superimposed | periodic
to a periodic part)
Method OLA OLA OLA-PSOLA PSOLA
t; = transienfpositions tiyr — ti =To(t) Iy = ¢; of periodicpart+ tiy1 — t; = original sig-
randomcomponent randomcomponent nal pitch (see2.4)

= transientpositions tipr —t; =To(¢)

= t; of periodicpart t; +1 —t; = synthesisig-

nal pitch

S,‘(t)

ands; 41 (t)

alternateimereversing+
morphing betweens; (t)

alternatdime reversing+
morphing betweens; (¢)
ands i1 (¢)

morphing betweens; ()
ands 41 ()

2. thetime-varyingfrequeng, amplitudeandphaseof
thesinusoidakomponentgsee?.3),

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

2.1 Transient detection

Transientsare detectedusing cross-entropymeasure-
mentderivedfrom the Kullback-Leiblerdistancq?2]:

=2 (o)

whereF (z) = « — log(z) — 1, and A (¢, wy,) istheam-
plitude of the STFTattimet andfrequeny wy, .

tz,wk)
z+1 Wk)

(1)

Drr(t

2.2 Sinusoidal versus Non-sinusoidal
(S/NS)signal characterization

The S/NSsignalcharacterizatioiwonsistan measuring
how well a partof thetime/frequeng planecanbe rep-
resentedby a sinusoidalmodel. It is thereforestrongly
dependenbn the assumptionglefining the sinusoidal
model: local stationarityor non-stationarityof the sinu-
soidal parameters Numerousmethodshave beenpro-
posedfor S/NS characterizatiorfsee[8] for a review)
but mostof themusethis stationarityassumption.

In [7] we have proposeda method calledthe “Phase
Derived SinusoidalityMeasure”(PDSM),which allows
to measurethe sinusoidalitycoeficient without a sta-
tionaryfrequeny assumptionPDSMwasbasedn the
following considerations:

o for the main-lobeof a sinusoidalcomponentthe
frequeny derived from the comple spectrumand
thefrequenyg derivedfrom theevolution of thecor
respondingphasespectrumarethe same

e when parameterstationarityis not assumedwe
cannotderive a sinusoidalitymeasurdrom anin-
stantaneousneasuremenbnly, but through the
continuity of theparameteralongtime.

T, (¢) means‘averagefundamentaperiod of neighboringperi-
odicregions”

ThereforePDSM comparesa temporalmodel of the
evolution of measuredfrequenciesand a temporal
model of the correspondingphasederivative. But the
measurementssedin [7] to createthe modelswerebi-
asedsee2.3.1),becauseakenfrom astationarymodel.
In section2.2.1,we shav how the biasin frequeng can
be avoidedby bypassinghe useof a model. In section
2.3, we proposea nev modelwhich takesinto account
modulationof amplitudeandfrequeng.

2.2.1 PDSM usingfrequency‘r eassignment”

"Reassignment[1] hasbeenproposedo improvetime-
frequeny representationdn usualtime/frequeng rep-
resentationghevaluesobtainedvhendecomposinghe
signalon the time/frequeng atomsare assignedo the
geometricalcenterof the cells (centerof the analysis
window and bins of the FFT). In [1] it is proposedo
assigneachvalue to the centerof gravity of the cell’'s
enepgy. Frequeng reassignmentanbewritten[1] (us-
ing band-passonvention):

[ ex (s J“df
STFTBP
¢BP

Thesecondormulationof w, (¢, w) is theinstantaneous
frequeny definitionwhich is oftenusedin orderto ob-
tain precisefrequenciesrom a DiscreteFourier Trans-
form. Thethird formulationexpresseshe correctionto
applyto thediscretefrequeny wy, in orderto obtainthe
exact frequeng. The distancegiven by PDSM canbe
shawvn to be similar to this correction,but using(2) we
do not face the frequeng biascited abore. The third
formulation also provides a low cost methodto com-
putetheinstantaneouequeny andto measurehe si-
nusoidality

wr(t,w)

_ )

STFTEF ()

(.Ur(t,wk) :wk_\f{Wth(x)

2.3 Complex Short-Time Spectrum Dis-
tortion measue

In classicalA/S methodsparameterareoftenestimated
from short-timespectra.The signalis usuallyassumed
to be stationaryon the analysiswindow and, thus,the



spectrumis assumedo have peaksat the frequencies
of the sinusoidalcomponentsUnfortunately thesignal
is rarely stationaryon the analysiswindow: amplitude
andfrequeng modulationof signalcomponentslistort
the shapeof the assumedspectralpeaks,thereforein-
ducingincorrectparameteestimation. Presious stud-
ies have shovn the importanceof spectrumdistortion
inducedby thesevariationsand have proposedpartial
solutions(neuralnetwork[5], signalnormalizatior{7]),
or analyticalformulation[4]. We proposeherea com-
plete parameteestimationmethodtaking into account
amplitudeandfrequeng modulation.

The signal model is a sumof sinusoidswith linear
variationof amplitude(c; + 5, t) andof frequeng (v, +
2Ait). ¢q, is theinitial phaseand! is the peakindex.
For ¢ in the it frame centeredon t;, (We noter; =
t—t):

s(t) Z(Oél,i + B i) cos(Go,i,i + wiiTi + A m?)

{
®3)

The Short Time Complex Spectrum is estimatedus-
ing atruncatedyaussiarwindow g, ,, 1, (t) wherep and
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Figurel: Curvaturecomputingfor couplesof peaks(m,n)
and(m,n+1)

2.3.2 Sinusoidality measue and Partial Tracking
with time-varying parameter

Extendingthe sinusoidalmodel with linear variations
rendersS/NSestimatiormoredifficult. As suggesteéh
2.2, information aboutsinusoidalitycanonly be given

o arethe meanandstandarddeviation of the gaussian by the continuity of the model parameterslongtime.

functionand 7 is the size of the truncation(/. mustbe
greaterthan9 ¢ in orderto reducethetruncationeffect).
The Distortion is measuredoy fitting a secondorder
polynomial aroundeachlog-amplitudespectrumpeak

This can be evaluatedby a partial tracking method.
Usual partial tracking methodsconsiderthree succes-
sive framesin orderto constructatrack. Sincethetime
derivativesof parametersare partof our model, it suf-

(105w ? + biogw + Clog) andaroundeachcorrespondlng ficesto consideronly two framestogether For each

unwrappecphasespectrunregion (a sw” + bpw + ¢ o).
For aspecificpeakindex, parameteraregivenby:

16
wp o~ —log. 6l ) N T
2 Alog aq
—14+,/1—16a42/0*
a VT 1O @
s Sa%
l 2 l
— ~2wA — —=b
a Wil o 2

whereD; =1 +4A %04
2.3.1 Biasof usual sinusoidalestimators
From3 and4 it is easyto shav that

o the frequeny of the maximum of the log-
amplitudespectrumnotedw,, ., andusuallycon-
sideredasthe frequeng positionof the sinusoidal
component)sin factatw; + %QAlUZ. Therefore
usualfrequeny estimatordave abiasproportional
totheamplitudemodulationto thefrequeng mod-
ulationandto thelengthof the analysiswvindow.

a similar bias is found for the log-amplitude of
the spectrumatme whichis equalto log(«;) —
Llog(D)) + & ﬁl 289" insteadof log(ay)

asimilarbiasisfoundforthephasenf thespectrum
atwmae Whichis equalto ¢o; + fatan24,0?) —

82 zA,a (2A70* + 1) insteadof ¢

2
&

coupleof peaks(m,n) (seeFigurel), a track-score?

is computed In afrequeng band,thecouplethatleads
to the maximumscore(if this scoreis above a certain
threshold)is chosen. If the maximumscoreis belov

thethresholdthereis abirth, a deathor notrackin this
band.

f(m,n) = exp (—

where ¢} (m, n) and c; (m, n) are the maximumcur

vature 2 of the 3rd order polynomials with the fol-
lowing boundaryconditions (see Figure 1): for fre-
qQUeNy {Wp, ;s Ay, ;5Wp 415 Awy, 41}, for amplitude
{m i3 D, 15ty i 41300 111 ). o ando? aremodel
parameterskResultsobtainedwith (5) areshavnin Fig-
ure2.

2.4 PSOLA markers positioning

PSOLAmarkers(notedt;) have to be placedin a pitch
synchronousvay; i.e. thedistancebetweertwo markers
mustbe equalto the local fundamentaperiod. More-
over, becausef the windowing appliedin the PSOLA
method,the markersmust be closeto the local max-
imaof signalenegy. In speectprocessingGlottal Clo-
surelnstantgGCl) detectionrmethodsareusedin order
to placePSOLA markers[9]. TheseGClI occur pitch-
synchronouslyndarecloseto thelocal maximaof en-
emgy. For musicalsignals GCl methodsarenotrelevant.

2secondbrderderivative
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Figure?2: Partial Trackingmethod:frequeny andfrequeny
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 othermethodswhich usephasespectrum
information, have beenproposed.But then,we cannot
guaranteghat markerswill be closeto local maxima
of enegy. In orderto fulfill both periodicity and en-
ey conditionswe proposeherea nev methodbased
on group delay The methodusesa weightedsum of
frequeny componengroup delays. The weightingis
madeaccordingto componentamplitudes. Let us de-
fine:

Zwk Gd(t, Wk)A(t, (.dk.)
A(t,wk)
whereGd(¢,w ) is thegroupdelayof frequeng w, for
a window centeredat time ¢. Gd(¢,w) canbe com-

putedin an efficient way using time “r eassignment”
[1] which canbewritten (usingband-passornvention):

= J(s—t)als)h* (t—s)ed® =) gs
tr(t,w) —t‘i‘%{ STFT}JlBP(x) }
=1 — %¢BP(t’w)

. STFT:BSft; ()
=i+ %{ STFTfP?x)

(6)

f) =1+

L (ta W )
()

where we recognize,in the secondformulation, the
groupdelaydefinition. As explainedin the following,
this relatesthe nev PSOLA markerpositioningmethod
to time reassignment. The third formulation gives a
methodfor computingthegroupdelayatlow cost.

Markerpositionsarethengivenby thelocal maxima
of theinverseof the derivative of f(¢) (specialcarehas
to betakenconsideringhat f (¢) is notinjective).

= s (/240

Becauseof the windowing applied before computing
Gd, a confidencemeasureof f(¢) mustbe computed
for eacht. It is givenby anamplitudeweightedstan-
darddeviation (in w;,) of the Gd(¢,w;,). Large stdval-

uesmeansmallconfidencavhile smallstdvaluesmean
largeconfidenceResultobtainedwith thisnew method
areshown in Figure3.

(8)
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Figure 3: PSOLA markerspositioning: signal (top), confi-
dencemeasurémiddle),inverseof thederiative of f(¢) (bot-
tom), signal: malespeechvoice,window size:20 ms,analysis
step:1 ms

Conclusion

SINOLA derivesfrom spectrumanalysisall the infor-
mationnecessarfor highquality soundorocessinguch
astime warping,pitch shifting, spectrundilatationand
soon. Becauseof its dual processindSIN + OLA), it
preseres the inherentlocal characteristic®f the sig-
nal (sinusoidal,random-noise attacks-transientsand
allows easyandnaturalmodificationsof the signal. Ex-
amplesof the soundquality obtainedwith this method
will begivenduringthe presentatiomf this paper
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