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ABSTRACT

Speech-enhancemeasn the basisof sonagramsndanartifi-

cial neuralnetwork is investigated We utilise a biologically

inspiredmodel— a PulseCoupledNeuralNetwork — andits

temporalsegmentationproperty Pulsesof linked neurons
andtheir temporalaswell astheir spacialrelationregarding
thereceptve field inducemasks providing characteristiel-

ementdor areducedsignal-representatiorPropertieof the

modeland its integrationinto an enhancemenprocessare
presented.Experimentson speechand non-speectsignals
are evaluatedand discussedvith regardto obsenred signal
processingapabilities.

1 INTRODUCTION

The enhancementf speech(or audiosignalsin general)is
animportantand necessaryreprocessingtepin mary ap-
plications,for which alsoartificial neuralnetworks (ANNS)
areused[1]. It is primarily motivatedby the needto improve
the perceved quality of speechn the presencef noise,or
to generallyincreasespeechintelligibility. Segmentedsig-
nals, for example, provide crucial information for feature-
and phoneme-gtractionpurposes.Theseagainsene asin-
put to subsequentecognitionor classificationalgorithms.
An unprocessedndnoisyinput at anearly stageoftenprop-
agategoorresults.

Spectrogramgor sonagramsn the contect of audiosig-
nals) are appliedin fields dealing with time-varying sig-
nals,includingspeeclanalysisandauditorydisplayresearch.
Gainedfrom awindowedfouriertransformandusedasarep-
resentatiorof speechthey containmary detailsthatarenot
relevantto encodethelinguisticinformation.

This paperdescribesan ANN-approachto the enhance-
mentof speechon the basisof sonagrams.lt usesspecific
propertiesof the structureandthe dynamicsof a PulseCou-
pledNeuralNetwork (PCNN)model[2] to provide elements
for a reducedsignal-representationAfter a brief review of
thePCNNmodelunderlyingtheapproactandits origin (sec-
tion 2) follows the presentatiorof the sonagram-baseen-
hancementsection3). Experimentalresults(section4) il-
lustratethe propertiesof the approach.We concludewith a
discussiorandimplicationson furtherresearcl{section5).

2 A PULSE COUPLED NEURAL NETWORK

PulsedNeuralNetworks subsumeANN models,which take
into accountheneuro-biologicafinding thatbiologicalneu-
ral networks usepulses,andespeciallytheir timing, to code
information[3]. A particularcategory —the PCNN—models
the network asa dynamicsystemwith no explicit learning
paradigminvolved,yet adaptingnternalparameterskffects
of collective excitation of the modeledneurongroducesig-
nal processingapabilities.lts mathematicahbstractiorhas
similaritiesto Cellular Automataand CoupledMap Lattices
[4]. Originatingfrom a systemof differentialequationd5],
andbeingderived from a modelusedto describethe neural
activity in visual cortex of the cat[6], the PCNN represents
a discretesimplification of sucha regular neuralstructure.
Having emegedin thevisualdomain,it hasprimarily found
applicationsn thefield of imageprocessing7].

In ourresearchwe addressheaudiosignalprocessinga-
pabilitiesof the PCNN with regardto the temporalsegmen-
tationof asonagramleadingto pulse-inducednasking.

2.1 Theapplied neuron model

We first introducethe neuronmodel (Figure 1) adoptingthe
notationusedin the IEEE Speciallssue[2]. A neuronij
consistsof a feedingcompartmentF;;, a linking compart-
ment L;;, a (dynamic)threshold®;; anda pulsegenerator
describedbelon. Eachneuronreceivesa directstimulusS;;
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Figure 1: Stematicdiagram of a pulse coupled neuion.
Only stimuli and outputpulseat iteration n are shown. In-
ternal dynamicsare describedn section2.2 below

from the receptve field and additional stimuli via links to
neighbouringneurons. In accumulatingthe recevved stim-
uli, theinternalactivationU;; reacheshe dynamicthreshold



andthe neuronemitsa pulse. This relatesto the notion of a
ThresholdandFire pulsegeneratolcf. [3] and[8]).
Neuronsarearrangedn asinglelayerasaregulartwo di-
mensionalattice. Lateralconnectionsare spatially defined
via akernelfunction,mappinga (weighted)local neighbou¥
hoodstructure.The resultingnetwork structureleadsto dy-
namicsthataredescribedn thefollowing.

2.2 Thedynamicsof the network asan iterative system

To briefly describethe underlying discretetime model of
the appliedPCNN, let n indicatediscretetime steps(itera-
tions). V., V= andlp denotethreeconstanpotentials.e= 2,
e ande~ % areweightswith regardto the influenceof
the previous iteration. Matricesm;;i; andw;jx; are Gaus-
siankernels,definingthe local neighbourhoodinterconnec-
tion structure) Notethattheseparameterareidenticalto all
neurons.

With S;; denotingtheexternalstimulusto neuronij in the
receptve field, thetotal stimulusto a neuronis givenby

Fij (n) = Sij -|—€_aF -Fij (n—l)—l—‘/p Zmijkl Ykl(n—l) . (1)
kl

Lij(n)=e " - Lij(n—-1)+ W Zwijkl Yu(n—1) (2)
kl

denoteghelinking compartmentThe excitation potential
Uij(n) = Fij(n) - (1 — BLi;(n)) ®)

(internalactivity) is proportionalto the productof F and L,
weightedby thelinking coeficient3. Pulses” aregenerated
accordingo the excitation U andthe dynamicthresholdo:

oy _ )1, Uii(n) > 0i5(n)
Yig(n) = {0, otherwise ®
with

0ij(n) = e -0;j(n—1) + Vb Yij(n) . (5)

Thediscretetime modelof the PCNNis computedn iter-
atingequationsl-5.

2.3 Some properties of the neural network

The specialstructureandthe dynamicsof the PCNNleadto
signalprocessingroperties:

¢ Inherentdynamicthresholdingeq.5)
o Filteringthroughlocallinking-structure(egs.1 and2)

e Temporakementatiorof a2D-signalthroughsynchro-
nisationof firing-timesandfeaturebinding

Note that temporalsegmentation[6] is not to be confused
with a phonetic(1D-)segmentation.Otherparametedepen-
dantpropertiescompriseshifting from segmentationto gra-
dient detectionor smoothing,up to the extraction of local
patterninformation(texture).

For amoredetaileddescriptionof PCNNsandtheir prop-
erties, the readeris referredto a specialissueof the IEEE
Transactionon Neumal Networkg2].

3 THE MASKED SONAGRAM REPRESENTATION

The humanauditory systemdecomposeicoming signals
into their constituentfrequenciesvia the space-frequenc
transferfunction of the cochlea[9]. Moreover, by technical
meansa shorttime fourier transform(STFT)is usedto pro-
ducea time-frequeng domainrepresentatiomf the signal:
the sonagram.Our approachusessonagramshe temporal
segmentatiorpropertyof the PCNN to achieve a separation
of spectro-temporakgions. Theseregionsareagainusedto
createareducedsignal-representatidior enhancement.

3.1 Network stimulusfrom preprocessing

The original time domain signal is processedapplying a
STFTwith aHamming-windav for thereductionof artifacts.
Window-type and-size aswell assamplingrate andsignal
lengthdeterminghe sizeof the sonagramandconsequently
thesizeneededor thereceptvefield of the network.

3.1.1 Areceptivdield for a sonagram

Mapping the discretetime-frequeng representatiorbijec-
tively to a receptve field of equaldimensionthat receves
the localisedamplitudesasstimuli, we defineinput andsize
of the PCNN. In the resultingtwo-dimensionaktructureof
the network, eachneuronis associatedvith a uniqueloca-
tion in time-frequeng space.The interconnectiorstructure
(or kernel)determineslocal neighbourhoodn thatspace.

3.2 Pulses masking time-frequency regions

Simulatingthe so formed network in computingthe equa-
tions 1-5 (section2.2) in discretetime steps,eachneuron
mayemita pulse, dependingn the accumulatedtimuli and
the currentthreshold. This leadsto a discretetime-serieof
pulses. Neuronswith highestinternal actiity U;; fire first,
followedby neuronswith lesserinternalactivity.

PulsesY (n) of the whole network can be interpretedas
masksto be appliedto the original sonagranrepresentation
S of the given signal, with eachmask coding a particular
trait in the receptve field. They represenhomogeneouse-
gions(segmentspf similarenegy within thesonagramThis
pulse-inducednaskingcanbeformalisedasanelement-wise
productof the pulse-inducednaskY (n) ata giveniteration
n andthe original externalnetwork stimulus(the sonagram)
S:

Yij(n)- Sij =: Sij(n) ;5 Vi,j. (6)
It resultsin the masled sonayramrepresentationS(n). An
OR-operationon masksY (1) can be usedto composean
enhancedignal

Sij = Sij == ( V Y(ﬁ)) - Sij ;3 Vg, (7)
€L ,n ij
whereparticularii couldbeselectediccordingo asegment-
guality measure. Note that successie masksmay contain
redundaninformation. Figure 2 sketcheshe completepro-
cess Propertieof thetemporalsegmentatiorarecompletely
definedby the externalnetwork stimulusS andthe internal
parametersf thePCNNmodel.In particularkernel-sizeand
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Figure2: TheenhancemergrocessLocal neuoninterconnectiorstructuie (magnified)and compositiorare sketched.

-shapetheweightsandthepotentialdnfluencethebehaiour
andoutputof the network. Sucheffectsaredescribednore
closelyin [2] and[3].

4 EXPERIMENTAL RESULTS

The original audio data was down-sampledto 12kHz
(Mono) and16-bit resolution.A Hamming-windav with an
overlapof 50 percent(64 samples)was usedfor a 128-tap
FFT, resultingin asonagranwith afrequeng rangeof 6 k Hz
and 64 sampleger spectrum.No prior de-noisingor filter-
ing wasperformed.Sonagramsredisplayedn grey-scales,
indicating the enegy of the signal proportionalto bright-
nesson alogarithmicscale.Black regionsindicatecomplete
masking.Theparametersisedin the PCNNwerethefollow-
ing: V2, = 0.15, V& = 0.15, Vo = 13.0, ar = 0.1, oy, = 1.0,
as = 0.2 andps = 0.1. Theexperimentakesultsweregener
atedon a 166 MHz Pentiuml with the PCNNimplemented
in C. A typical run of 19 iterations,for a 64 x 161 input
(sonagramyvith a5 x 5 neighbourhoodiook 1.5 seconds.

Wedisplaytheoriginaltime domainsignal(andaprovided
phoneticsggmentatiorin caseof speechplongwith thegen-
eratedsonagran®, masledsonagram§‘ anda composition
S from the givenmasks.

4.1 A Speech signal

The signaldisplayedon top of Figure3 (10262 samples)s
the Dutch utterancehartstikke leuk’ (greatfun), takenfrom
the IFA Spolen LanguageCorpus[10], which is an open-
sourcedatabasef hand-sgmentedutch speech.

S(7) very well masksformantsof the utterance.It yields
no notable differenceto the original signal regarding the
hearingimpression. Obviously, the major featuresare pre-
sened by only a coarsesubsetof the enegy distribution.
Finer detailsare separatedind representedn othermasks.
The voice bar remainsandfricative /s/ is visible in the up-
per frequeng range. Lateral /l/ and diphthong/g/ arein-
tact, thoughthe original sonagrancontainsmuch morein-
formation. It appearghat redundang in speechadmitsto
reducetherepresentatiosignificantly merelyusingspectro-
temporalcomponentsand their contribution for overall in-
telligibility . S(8) keepsthelow-enepy envelopeto the basic
sound put containamuchof theredundanpartspresenin S.
In S‘(Q) anothersignificantportion of the signalis masled,

containinglow-enegy noise acrossalmostall frequencies.

Mask Y'(11), leadingto S(11) (not shovn here), contains

o
1%

Amplitude
S
I
L
L

160Q 2250 3600 . 5800 |, 8850 10262
Samples - . R R . :

o
>
°

Chota rrtlsitr o1 lkiall: 4 Lk

6 r

Frequency[kHz]

o £
0 Time[s] :

5(9)

4
L]

Frequency[kHz]

e
] :
ik

- -

Gm .

0 ; B —
0 Time[s] 013 0.19

Figure3: Processingesult(speeb).

almostexactly the sibilants. A compositionS of all three
masksalmostresembleghe original signal, thoughthe si-
lencephaseof the plosivesremainmasled.

4.2 A non-speech signal

To give furtherandcomparatieillustration,we alsopresent
resultson anon-speecisignalof 10396 samplegtop of Fig-
ure 4). It representsa part of a songof a bandedwren
(Thryothoruspleurostictus) It is available from the Bioa-



cousticsResearchiProgramof the Cornell Lab of Ornithol-
ogy andtheir studieson bandedwren vocal communication
[11]. In contrastto a humanspeechsignal, it consistsof
muchclearer yet not too simplefrequencieswhich helpto
visualisethe algorithmspropertiesHere,we markedcharac-
teristic pointsin time wherea shift or achangen frequeng
occurs.
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Figure4: Processingesult(non-speel).

Thethreequitecleartoneg(seeformantsn Figure3) of the
birdssongaremasledverywell in 5(7). Hearingimpression
yieldsnonotabledifferenceto theoriginal signal. Obviously,
the low-enegy component®f the signalarefiltered. Note
the potentialfor signal compressiomwith $(7) definingthe
frequeng-range.As in theresultspresentedbefore the next
maskS‘(S) complementsts predecessoicontaininghomo-
geneousegionsof lower amplitude.Again, the ervelopeof
the original soundis kept. $(9) containsonly background-
noise. Dueto the wide coverageof signalcharacteristicén
the masksusedin the compositionS, we achieve almosta
reconstructiorof the original signal.

5 CONCLUSIONS

A reduced signal-representatiorusing spectro-temporal
componentds generatedrom the temporal sgmentation
abilities of a pulsedcoupledneuralnetwork. This leadto
an approachfor the enhancemendf speechand other au-
dio signals,basedon the compositionof selectedmasled
sonagranrepresentationsResultsimply that phonetically
irrelevant information can also be separated.The reduced
maslked sonayramrepresentationthatusesspectro-temporal
components,is promoted by redundang in the signal-
representation.

A guantitatve measuref sggmentquality (e.g.employing
the mutualinformation of $ anda particular $) could also
be integratedin the processto choosesignificantsegments
automatically andto then optimally composean enhanced
signalfrom its masled componentsAn on-line adaptionof
the PCNN-parametersyith regardto the measuredjuantity
could be usedto automatethe enhancemenprocessitself.
Next to supportingthe recognitionof speechthevisual per
ceivability of theapproacloffersadifferentquality of visual
speechunderstandindor hearing-impaired.
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