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This paper showvs how the functionality of FO-adaptie
spectralenvelopeestimation(Kawaharaet al. 1999a)might be
implementedwithin the auditory system,usingthe framework
of the CorrelationNetworkmodel(de Cheveigré,2001).

Correlation Network model. This model (hereafterCN
model)is an abstracimodel of auditory processinghatallows
a rangeof auditory signal-processindunctionsto be imple-
mentedin a uniform way: pitch, timbre, localization, segre-
gation. It consistsof threemodules(Fig. 1). The first cal-
culatesarraysof runningautocorrelatiorifmonauralyandcross-
correlation(binaural) coeficients. The secondforms a linear
combinationof coeficientsproducedby the first module. The
third controlsthe parametersf the secondmodulewhile mon-
itoring its output. It is responsibldor producingthe behavior
neededor eachfunction (pitch, etc.). Fastsignalprocessinds
limited to the first module,while the secondand third handle
relatively slowly varying quantities. This might easemapping
of the modelto the auditorysystem(first moduleto brainstem,
seconcandthird to morecentrallevels). The CN modelcanim-
plementary modelthatoperate®n a quadraticstatistic(power
or correlation)of linear combinationsof delayedversionsof
its inputs. In particularit canimplementcancellationmodels
(Durlach,1963; de Cheveigré, 1993). It hasalso proved use-
ful asa basisfor FO estimation(de Cheveigré and Kawahara,
2002).

While the CN model addressesuditory processing here
we treatit asa digital signalprocessingnodelto demonstrate
how thedesiredunctionality canbe obtained.Thebasicingre-
dientsof the CN model are arraysof running autocorrelation
(AC) andcrosscorrelatiosoeficients(hereonly theformerare
considered)Using a sampled-signahotation,the AC function
of thesignalattheleft earis:
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wheres is the signal, 7 the autocorrelatioag parameteiand
W the size of the integration window (supposedsquare). In
the speechprocessinditeraturethis quantityis called autoco-
variance In its original formulationthe CN modeluseda fixed
window sizebut herewe supposehatthatit canbetunedto an
arbitraryvalue. Thefirst modulethusproducesnarrayindexed
by time, lag andintegrationwindow size(t, 7, W).

FO-adaptive spectral estimation. The first stepis to es-
timate the period T', for exampleusing an algorithm alsode-
rived from the CN model(de Cheveigré andKawahara2002),
or othereffective methodgKawaharaet al., 1999b). Next, the
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Figure 1. Structureof the CorrelationNetwork model. Fast
time-domairprocessings limited to thefirst module(left of the
dottedline). Subsequerntrocessingperate®n slowly-varying
quantities.

AC functionis calculatedor [0, T] usinga window sizeof T
TheT'-sizedwindow ensureghatthe AC functionandestimates
derivedfrom it do not fluctuatein time. This functionis if nec-
essarnynterpolatedto anarrayof N + 1 samplegquallyspaced
betweerd andT" whereN is preferablya power of two. This
arrayis thenreversedandaddedo itself (r, (7) + r.(T — 7)) to
avoid a sharptransitionwhenconsideredyclically.

Finally, an N-point DFT is takento estimatethe power
spectrumat theharmonicsof Fy = 1/7. The estimatds exact
if the signalis perfectlyperiodicand 7" is suchthatinterpola-
tion is unnecesary (interpolationmay introducesomespectral
error). For animperfectlyperiodic signalthe relationbetween
thecoeficientsobtainedandtheactualspectraknvelope(what-
everthatmeansjs lessstraightforward Onethingis clearhow-
ever: the AC calculationtechniqueeffectively avoidsthe spec-
tral splatterthat occurswith simplerschemegsuchasa DFT
applieddirectlyto oneperiodof thewaveform). Frequeng res-
olution is 1/T', the bestpossiblefor samplinga spectralen-
velope. Estimationcan be performedat arbitrary time inter
vals, but usefultemporalresolutionis limited to 27". Thespec-
trotemporalestimatearray canthenbe interpolatedfor display
or resynthesisasin the standardSTRAIGHT method(Kawa-
haraet al. 1999a). Alternatively it can be useddirectly for
harmonic-weightegattern-matchingsin the “missing data”
model of de Cheveigré and Kawahara(1999a). In ary case
thereareno periodicity-relatedartifacts.

To the extentthat similar processingmight be carriedout
within the auditory system, this schemecan be seenas a
modelfor spectrakstimatiorwithin theauditorysystem.There
is someevidencethat integration windows for pitch are FO-
adaptie (Wiegrebe, 2000; Plack and White, 2000). It has
also beenamued that FO-invariant vowel perceptioncan be



explained only on the basisof FO-dependenprocessing(de
Cheveigre andKawahara 1999a).

Multi-source spectral estimation. A nice featureof the
CN modelis thatit allows calculatingthe AC function of var
ious transformsof the signal (or signalsin the multichannel
case)jn particularlythosethatallow cancellatiorof interfering
sourceqe.g. Durlach,1963;de Cheveigré, 1993). This opens
the perspectie of accurateF0-adaptre spectralestimationof
multiple concurrentsources.The cancellationoperationintro-
duceserrorsin thespectrakstimateput they canbeeithercom-
pensatedr ignoredif FOsof theconcurrensignalsareknown.
Estimatesof thesecan also be obtainedeffectively within the
CN model(de Cheveigré andKawahara 1999b,2002).

Implementation considerations. A final consideratiorior
simulationsand applicationsis that of efficiency. Major com-
putationalcostsoccurwithin modulel. Its internalbandwidth
is that of the signalmultiplied by a factorof f27a, W where
fs is thesamplingrateand s andWys arethe maximumlag
and window sizesneeded(both are relatedto the largest ex-
pectedperiod). The bandwidthof the interfacewith module2
is muchsmallerasmodule2 needsandomaccesso only afew
coeficientsat atime. Storagerequirement®f modulel areon
theorderof 27 War D where Dy is thelargesttime span
neededbut they canto someextentbereducedoy synthesizing
eachlV -sizedwindow “on demand”asthesumof (on average)
log, (W) /2 power-of-two-sizedsubwindavs storedin a hierar
chicalstructure.

Bandwidth,storageandcomputatiorrequirement®f mod-
ule 1 arelarge evenby todaysstandardslf the CN modelturns
outto begeneralanduseful,implementatiorasa hardwarede-
vice might makesense.This device would input one or more
channelof audioandsupportqueriesfor auto-andcrosscorre-
lationtermswith arbitrary¢, 7, andW (fractionalqueriesbeing
handledby interpolation). As a final refinement,ratherthan
consideringhis device asa finite-lengthbuffer of runningcor-
relation coeficients (deletedat one end asthey areformedat
the other), “perpetualstatistics”canbe implementedby accu-
mulatinglarge scaletermsof the hierarchicalubwindav struc-
turewhile discardingsmallerscaleterms.A proportionof stor
agewould thus be devotedto keepingstatisticsof everlarger
chunksof signalsituatedever-furtherin the past. This follows
theconcepiof scalablanetadatdde Cheveigré andPeetersgde
Cheveigré,2002);

Summary. To summarizethe CorrelationNetwork (CN)
model offers a uniform basisfor a rangeof useful signal pro-
cessingoperationsncluding sourcesegregation,F0 estimation,
andF0-adaptie spectrumestimation.|It shovs how seemingly
diversethemesexplored by both authorscan be broughtto-
gether[Thiswork wassupportedy the Cognitiqueprogramme
of the FrenchMinistry of ResearclandEducation.]
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