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ABSTRACT

Speech-enhancementonthebasisof sonagramsandanartifi-
cial neuralnetwork is investigated.We utilise a biologically
inspiredmodel– a PulseCoupledNeuralNetwork – andits
temporalsegmentationproperty. Pulsesof linked neurons
andtheir temporalaswell astheir spacialrelationregarding
thereceptivefield inducemasks,providing characteristicel-
ementsfor a reducedsignal-representation.Propertiesof the
model and its integration into an enhancementprocessare
presented.Experimentson speechand non-speechsignals
areevaluatedanddiscussedwith regard to observed signal
processingcapabilities.

1 INTRODUCTION

The enhancementof speech(or audiosignalsin general)is
an importantandnecessarypreprocessingstepin many ap-
plications,for which alsoartificial neuralnetworks(ANNs)
areused[1]. It is primarily motivatedby theneedto improve
the perceivedquality of speechin the presenceof noise,or
to generallyincreasespeechintelligibility . Segmentedsig-
nals, for example,provide crucial information for feature-
andphoneme-extractionpurposes.Theseagainserve asin-
put to subsequentrecognitionor classificationalgorithms.
An unprocessedandnoisyinputatanearlystageoftenprop-
agatespoorresults.

Spectrograms(or sonagramsin the context of audiosig-
nals) are applied in fields dealing with time-varying sig-
nals,includingspeechanalysisandauditorydisplayresearch.
Gainedfrom awindowedfouriertransformandusedasarep-
resentationof speech,they containmany detailsthatarenot
relevantto encodethelinguistic information.

This paperdescribesan ANN-approachto the enhance-
mentof speechon the basisof sonagrams.It usesspecific
propertiesof thestructureandthedynamicsof a PulseCou-
pledNeuralNetwork (PCNN)model[2] to provideelements
for a reducedsignal-representation.After a brief review of
thePCNNmodelunderlyingtheapproachandits origin (sec-
tion 2) follows the presentationof the sonagram-baseden-
hancement(section3). Experimentalresults(section4) il-
lustratethe propertiesof the approach.We concludewith a
discussionandimplicationson furtherresearch(section5).

2 A PULSE COUPLED NEURAL NETWORK

PulsedNeuralNetworkssubsumeANN models,which take
into accounttheneuro-biologicalfindingthatbiologicalneu-
ral networksusepulses,andespeciallytheir timing, to code
information[3]. A particularcategory– thePCNN– models
the network asa dynamicsystemwith no explicit learning
paradigminvolved,yet adaptinginternalparameters.Effects
of collective excitationof themodeledneuronsproducesig-
nal processingcapabilities.Its mathematicalabstractionhas
similaritiesto CellularAutomataandCoupledMap Lattices
[4]. Originatingfrom a systemof differentialequations[5],
andbeingderivedfrom a modelusedto describetheneural
activity in visualcortex of thecat [6], thePCNNrepresents
a discretesimplification of sucha regular neuralstructure.
Having emergedin thevisualdomain,it hasprimarily found
applicationsin thefield of imageprocessing[7].

In ourresearch,weaddresstheaudiosignalprocessingca-
pabilitiesof thePCNNwith regardto thetemporalsegmen-
tationof asonagram,leadingto pulse-inducedmasking.

2.1 The applied neuron model

We first introducetheneuronmodel(Figure1) adoptingthe
notationusedin the IEEE SpecialIssue[2]. A neuron ���
consistsof a feedingcompartment���	� , a linking compart-
ment 
���� , a (dynamic)threshold
��	� anda pulsegenerator
describedbelow. Eachneuronreceivesa directstimulus ���	�
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Figure 1: Schematicdiagram of a pulse coupledneuron.
Only stimuli andoutputpulseat iteration 5 are shown. In-
ternaldynamicsare describedin section2.2below.

from the receptive field and additionalstimuli via links to
neighbouringneurons. In accumulatingthe received stim-
uli, theinternalactivation 6 �	� reachesthedynamicthreshold



andtheneuronemitsa pulse.This relatesto thenotionof a
ThresholdandFire pulsegenerator(cf. [3] and[8]).

Neuronsarearrangedin a singlelayerasa regulartwo di-
mensionallattice. Lateralconnectionsarespatiallydefined
via akernelfunction,mappinga(weighted)localneighbour-
hoodstructure.The resultingnetwork structureleadsto dy-
namicsthataredescribedin thefollowing.

2.2 The dynamics of the network as an iterative system
To briefly describethe underlying discretetime model of
the appliedPCNN, let 5 indicatediscretetime steps(itera-
tions). 7!8 , 7:9 and 7!; denotethreeconstantpotentials.<>=(?'@ ,<>=(?'A and <>=�? B areweightswith regardto the influenceof
the previous iteration. Matrices CD�	�'EGF and HI���'EGF areGaus-
siankernels,definingthelocal neighbourhood(interconnec-
tion structure).Notethattheseparametersareidenticalto all
neurons.

With ����� denotingtheexternalstimulusto neuron�J� in the
receptivefield, thetotal stimulusto aneuronis givenby0(� �K���L�NM � � �PORQ �PS @UT 0(� �V���W"R$!�!ORXGY-Z\[ ]_^ � � ['] � ['] ���W"R$!��`

(1)

1N� �V���L�aMbQ �cS ART 1a� �V���#"%$&�LO*XGdUZe[']_f � � ['] � ['] ���)"*$!�
(2)

denotesthelinking compartment.Theexcitationpotential

2 � �V���L�NMb0(� �����L� T �g$h"ji�1a� �V���L���
(3)

(internalactivity) is proportionalto theproductof � and 
 ,
weightedby thelinking coefficient k . Pulsesl aregenerated
accordingto theexcitation 6 andthedynamicthreshold
 :� � � ���L�mMon $qp 2 � �V���L��r 4 � �����L�s p

otherwise
(4)

with 4 � �V���L�mMbQ �cS BtT 4 � �K���)"*$!�uO%X'vw��� �����L�N`
(5)

Thediscretetime modelof thePCNNis computedin iter-
atingequations1-5.

2.3 Some properties of the neural network
Thespecialstructureandthedynamicsof thePCNNleadto
signalprocessingproperties:x Inherentdynamicthresholding(eq.5)x Filtering throughlocal linking-structure(eqs.1 and2)x Temporalsegmentationof a2D-signalthroughsynchro-

nisationof firing-timesandfeaturebinding

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

For a moredetaileddescriptionof PCNNsandtheir prop-
erties,the readeris referredto a specialissueof the IEEE
Transactionson Neural Networks[2].

3 THE MASKED SONAGRAM REPRESENTATION

The humanauditory systemdecomposesincoming signals
into their constituentfrequenciesvia the space-frequency
transferfunctionof thecochlea[9]. Moreover, by technical
means,a shorttime fourier transform(STFT)is usedto pro-
ducea time-frequency domainrepresentationof the signal:
the sonagram.Our approachusessonagramsthe temporal
segmentationpropertyof thePCNN to achieve a separation
of spectro-temporalregions.Theseregionsareagainusedto
createa reducedsignal-representationfor enhancement.

3.1 Network stimulus from preprocessing

The original time domain signal is processed,applying a
STFTwith aHamming-window for thereductionof artifacts.
Window-type and-sizeaswell assamplingrateandsignal
lengthdeterminethesizeof thesonagram;andconsequently
thesizeneededfor thereceptivefield of thenetwork.

3.1.1 A receptivefield for a sonagram

Mapping the discretetime-frequency representationbijec-
tively to a receptive field of equaldimensionthat receives
thelocalisedamplitudesasstimuli, we defineinput andsize
of the PCNN. In the resultingtwo-dimensionalstructureof
the network, eachneuronis associatedwith a uniqueloca-
tion in time-frequency space.The interconnectionstructure
(or kernel)determinesa localneighbourhoodin 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,dependingon theaccumulatedstimuli and
thecurrentthreshold.This leadsto a discretetime-seriesof
pulses.Neuronswith highestinternalactivity 6W��� fire first,
followedby neuronswith lesserinternalactivity.

PulsesljyJ5Nz of the whole network canbe interpretedas
masksto beappliedto theoriginal sonagramrepresentation� of the given signal, with eachmaskcoding a particular
trait in the receptive field. They representhomogeneousre-
gions(segments)of similarenergywithin thesonagram.This
pulse-inducedmaskingcanbeformalisedasanelement-wise
productof thepulse-inducedmask l{yJ5Nz at a giveniteration5 andtheoriginal externalnetwork stimulus(thesonagram)� : ��� �����L� T � � �UM}|q~� � �V���L���L�c��p��}`

(6)

It resultsin themaskedsonagramrepresentation ��IyJ5Nz . An
OR-operationon masks lty&�5Nz can be usedto composean
enhancedsignal� � �U���� � ��| M�� ���>� ��� � � �g� ��R� ��L�\� � � T � � ���L�c��p���p

(7)

whereparticular �5 couldbeselectedaccordingto asegment-
quality measure.Note that successive masksmay contain
redundantinformation. Figure2 sketchesthecompletepro-
cess.Propertiesof thetemporalsegmentationarecompletely
definedby the externalnetwork stimulus � andthe internal
parametersof thePCNNmodel.In particularkernel-sizeand
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Figure2: Theenhancementprocess.Localneuron interconnectionstructure (magnified)andcompositionaresketched.

-shape,theweightsandthepotentialsinfluencethebehaviour
andoutputof thenetwork. Sucheffectsaredescribedmore
closelyin [2] and[3].

4 EXPERIMENTAL RESULTS

The original audio data was down-sampledto 12 �����
(Mono) and16-bit resolution.A Hamming-window with an
overlapof 50 percent(64 samples)wasusedfor a 128-tap
FFT, resultingin asonagramwith afrequency rangeof 6 �����
and64 samplesperspectrum.No prior de-noisingor filter-
ing wasperformed.Sonagramsaredisplayedin grey-scales,
indicating the energy of the signal proportionalto bright-
nessona logarithmicscale.Black regionsindicatecomplete
masking.Theparametersusedin thePCNNwerethefollow-
ing: 7:8D�o������� , 7!9b�o������� , 7!;����� �� � , ¡ @ �o����� , ¡ A �3�V� � ,¡ B �¢����£ and k%�¤�u�/� . Theexperimentalresultsweregener-
atedon a 166 ¥¦�}� Pentium1 with thePCNNimplemented
in C. A typical run of 19 iterations,for a 64 § 161 input
(sonagram)with a 5 § 5 neighbourhood,took1.5seconds.

Wedisplaytheoriginaltimedomainsignal(andaprovided
phoneticsegmentationin caseof speech)alongwith thegen-
eratedsonagram� , maskedsonagrams�� anda composition�� from thegivenmasks.

4.1 A Speech signal

The signaldisplayedon top of Figure3 ( ���>£V¨>£ samples)is
theDutchutterance‘hartstikke leuk’ (great fun), takenfrom
the IFA Spoken LanguageCorpus[10], which is an open-
sourcedatabaseof hand-segmentedDutchspeech.��Uyg©Kz very well masksformantsof theutterance.It yields
no notabledifferenceto the original signal regarding the
hearingimpression.Obviously, the major featuresarepre-
served by only a coarsesubsetof the energy distribution.
Finer detailsareseparatedandrepresentedin othermasks.
The voice bar remainsandfricative / ª / is visible in the up-
per frequency range. Lateral / « / and diphthong/ ¬ / are in-
tact, thoughthe original sonagramcontainsmuchmore in-
formation. It appearsthat redundancy in speechadmitsto
reducetherepresentationsignificantly, merelyusingspectro-
temporalcomponentsand their contribution for overall in-
telligibility . ��Uy�­Pz keepsthelow-energy envelopeto thebasic
sound,but containsmuchof theredundantpartspresentin � .
In ��Iye®>z anothersignificantportion of the signal is masked,
containinglow-energy noiseacrossalmostall frequencies.
Mask l{y¯�V�°z , leadingto ��_y±�V�°z (not shown here),contains
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Figure3: Processingresult(speech).

almostexactly the sibilants. A composition �� of all three
masksalmostresemblesthe original signal, thoughthe si-
lencephaseof theplosivesremainmasked.

4.2 A non-speech signal

To give furtherandcomparative illustration,we alsopresent
resultson anon-speechsignalof ���V V®>¨ samples(topof Fig-
ure 4). It representsa part of a song of a bandedwren
(Thryothoruspleurostictus). It is available from the Bioa-



cousticsResearchProgramof the Cornell Lab of Ornithol-
ogy andtheir studieson bandedwrenvocalcommunication
[11]. In contrastto a humanspeechsignal, it consistsof
muchclearer, yet not too simplefrequencies,which help to
visualisethealgorithmsproperties.Here,wemarkedcharac-
teristicpointsin time wherea shift or a changein frequency
occurs.
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Figure4: Processingresult(non-speech).

Thethreequitecleartones(seeformantsin Figure3)of the
birdssongaremaskedverywell in ��Iyg©Kz . Hearingimpression
yieldsnonotabledifferenceto theoriginalsignal.Obviously,
the low-energy componentsof the signalarefiltered. Note
the potentialfor signalcompressionwith ��Uyg©Kz definingthe
frequency-range.As in theresultspresentedbefore,thenext
mask ��Uy�­>z complementsits predecessor, containinghomo-
geneousregionsof lower amplitude.Again, theenvelopeof
the original soundis kept. ��_y�®>z containsonly background-
noise. Due to the wide coverageof signalcharacteristicsin
the masksusedin the composition �� , we achieve almosta
reconstructionof theoriginal signal.

5 CONCLUSIONS

A reduced signal-representationusing spectro-temporal
componentsis generatedfrom the temporalsegmentation
abilities of a pulsedcoupledneuralnetwork. This lead to
an approachfor the enhancementof speechand other au-
dio signals,basedon the compositionof selectedmasked
sonagramrepresentations.Resultsimply that phonetically
irrelevant information can also be separated.The reduced
maskedsonagramrepresentation, thatusesspectro-temporal
components,is promoted by redundancy in the signal-
representation.

A quantitativemeasureof segmentquality(e.g.employing
the mutual informationof � anda particular �� ) could also
be integratedin the processto choosesignificantsegments
automatically, and to thenoptimally composean enhanced
signalfrom its maskedcomponents.An on-lineadaptionof
thePCNN-parameters,with regardto themeasuredquantity,
could be usedto automatethe enhancementprocessitself.
Next to supportingtherecognitionof speech,thevisualper-
ceivability of theapproachoffersadifferentqualityof visual
speechunderstandingfor hearing-impaired.
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