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Abstract

In this paperwe presenta new approactor improving the
robustnes®f automaticspeectrecognitionsystemgo additive
noise.This approacHies on the useof a particulartrainingpro-
cedurgbasedndatacontamination)n aparticulararchitecture
(the multi-bandparadigm)In this framework, we expectto re-
move thedrawbacksof boththe corpuscontaminatiorapproach
which is the dependengc to noisespectralcharacteristicsand
the multi-bandarchitecturewhich is its inefficiengy in caseof
widebandnoise.This methodhasbeentestedon the AURORA
2 taskand comparedo otherrobust methodssuchas spectral
subtraction J-RASTA filtering andmissingdatacompensation,
leadingto very goodperformancen differentkinds of additive
noise,without ary a priori knownledgeof the noisecharacteris-
tics.

1. Intr oduction

Additive noiseis oneof the mostcommonsourcesf degrada-
tion of the performancef automaticspeectrecognition(ASR)
systemsThe effect of the noiseis to leadto a mismatchbe-
tweenthe acousticmodelsandthe acousticdata.Varioustech-
nigueshave beendevelopedin orderto decreas¢he impactof
noiseon ASR systemssuchas spectralsubtraction[5, 6], J-
RASTA filtering [4], modeladaptatiorf14], missingdatacom-
pensatiori7, 8, 9], ...

One of the most efficient techniquesto improve robust-
nessof speechrecognitionsystemson additive noise consists
in trainingthe acousticmodelswith datacorruptedby noiseat
differentsignal-to-noiseaatios (SNR) [3]. This approacheads
to quasi-optimalperformancewhen the noise usedfor train-
ing is spectrallysimilar to the noise usedin the application
but fails when the noisesare spectrallytoo different. There-
fore, this approactis usefulif we have a gooda priori knowl-
edgeon the noise spectrumcharacteristicsAnother class of
robust approachess the sub-bandanalysiswhich consistsin
developingindependenacousticmodelsin differentfrequeng
bandq10, 11]. It isthereforgpossiblein asecondstepto weight
theimportanceof thosefrequeng bandsaccordingto their re-
liability and henceto minimize the influenceof noisy bands.
Unfortunately this approachis still not particularlyefficientin
caseof widebandnoise.

The approachpresentedn this paperallows to getrid off
the limitations of the lasttwo robust techniquesBasedon the
multi-band architecture our approachlies on the obseration
that, if we considemarrav frequeng bands,noisesinsidethe
bandspractically differ by their enegy level only, not by the
shapeof their bandlimited power spectra.Therefore,we can
train acousticmodelsassociatedvith the multiple frequeny
bandson datacorruptedby ary kind of widebandnoiseat dif-
ferentsignal-to-noiseatios.|If the frequeng bandsarenarrawv

enoughwe canthenexpectthesemodelsto be robustto other
kinds of noises.The bandwidthof the frequeng bands(and
consequentlyhenumberof subbandsvill resultsfrom atrade-
off betweertheassumptiorthatnoiseis white within asubband
andthe ability to discriminatebetweerspeechandnoiseinside
asubband.

So,themethodconsistsessentiallyin theuseof aparticular
training procedurgbasedon datacontamination)n the frame-
work of a particulararchitecturg basedon sub-bandanalysis).
As alreadystatedthesetwo methodsseento have limited inter-
estwhenusedindependentlyNote also,thatdueto their com-
plementaritywith the proposedscheme pther robust methods
suchasspectrabubtractionfiltering of thetemporafeaturetra-
jectories canalsobe combinedn this architecture.

2. Description

This sectiondescribesour approachWe first perform a crit-

ical bandanalysisof the windowed speechframes.Similarly
to PLP processing?], this analysisusesa frequeng domain
filter-bank with 30 trapezoidalfilters equally spacedalong a
Bark scale. The 30 critical bandenegiesarethensplit into sub-
vectorsfeaturingthe spectralenvelopein different frequeny

bands.Among the different configurationthat we have been
testing,splittingin 7 bandsasshavn in Figurel, gave the best
performanceEachsub-\ectoris thennormalizedn orderto ob-
tain parametershatareindependenbn the absoluteenegy of

thespeectrame.Onecouldalsocomputesubbandepstrako-
efficients by applying a discretecosinetransformon the sub-
vectors.Thesetwo optionswereactuallyshavn to give similar
performance.
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The key elementof our approachis a schemeto estimate
robust parametergrom thesesubbandsTo achie/e this, each
subbandacousticfeaturevectoris non-linearlytransformedis-



ing an artificial neuralnetwork (ANN). We actually usemulti-

layerperceptrongMLPs) [1] designedor phoneticunit classi-
fication. As suggestedh theintroduction,trainingtheseMLPs

on noisy dataallow themto transformtheir inputin anoptimal

way for noisyenvironments Practically white noiseis addedn

acontrolledway to the cleanspeecttraining corpus.As shavn

in Figure 2, this gives us a noisy training corpuswith signal-
to-noiseratios (SNRs) ranging from 0 dB to 20 dB, aswell

as a portion of cleanspeech.The 7 bandsconfigurationthat
we have beenusingleadsto frequeng bandsthat are narrav

enoughto validatethe 'white noise’assumptionwhile keeping
enoughspeectspecificinformationfor phoneticclassification
within eachband.
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Figure2: Principle of training corpuscontaminatiorwith white
noise

In short, each subbandusesan MLP trainedto provide
a nonlinear mapping betweenspectralacousticfeaturesand
phonemeposteriorprobability estimatesThis mappingis opti-
mizedfor phoneticclassificationin noisy ervironments Single
hidden-layetMLPs canprovide probability estimategshancan
thenbe usedas robust acousticfeaturesfor automaticspeech
recognition.To provide moreflexibility, we ratherusedMLPs
with two hiddenlayers(Figure3). During recognition the out-
put of the seconchiddenlayeris usedasnoise-rolust acoustic
featurevector for the correspondingsubbandThe size of the
layercanbe optimizedor adjustedo getthe desiredhumberof
featuresThis kind of approachs known asnon-lineardiscrim-
inantanalysis(NLDA) [15]. A similar ideais alsoexploitedin
the Tandemspeectrecognitionstructure[12]. In our casehow-
ever, multiple non-lineartransformationare appliedto obtain
robustfeaturednto spectrakubbands.
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Figure3: Nonlineardiscriminantanalysis.

The subbandfeaturesare then concatenatedo obtain an
acousticfeaturevectorthat canbe usedin ary classicalauto-
matic speechrecognitionsystem.In our case,we have been
usinga HMM-basedsystemwith a MLP for acousticmodel-
ing [1]. The multibandstructurecould be trainedon different
acoustidataanddifferentphoneticunitsthatthe speectrecog-
nition acoustianodel. Thesewo systemsanindeedbeseeras
two independentomponentsmultibandrobustfeatureextrac-
tion and speechrecognitionacousticmodeling. Training data
with sufiicient phoneticcoveragemight thus provide a multi-
band”feature extraction” structurethat is portableacrossdif-
ferent tasks,and noise conditions.Preliminary resultswith a
Tandemstructure[13] evensuggesportability acrosdifferent
languages.
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Figure4: Applicationto automaticspeeh recanition.

Finally, thisapproactcaneasilybecombinedwith comple-
mentarynoiserobustmethodsfor instancespectrakubtraction
andmodeladaptatior(seeFiguresl and4).

3. Experiments

Experimentshave beencarried out on the AURORA 2 [16]
databaseThis databasés basen TI-DIGITS (connectedlig-
its in americarEnglish)corruptedby differentkinds of noises.
We limited our experimentgo thefollowing four typesof noise:
subway, babblenoise,in-carnoiseandexhibition hall.

The vocahulary is composedf the 10 digits, we have de-
finedword modelsdepictecby 127HMM states.

Thebaselinehybrid systemcontainsonly 323,195parame-
ters.It usesl5 framesof 13 dimensionacousticfeaturesijt has
1000hiddenunitsand127 outputs.

The multi-band systemis composedf 7 subbandVLPs
with 2 hiddenlayerseach.MLP arefed with 15 framesof fre-
queng bandspecificspectralparametersWe have definedtwo
configurations.

e Thefirstoneis quiteheavy, multi-bandMLPs have 1000
nodesin the first hiddenlayer, 30 nodesin the second
hiddenlayer. The ASR systemis a hybrid HMM/MLP
modelizingthe 127 HMM states.This MLP contains
1000hiddennodesandis fed with 3 framesof concate-
natedvectors(thatis 3 x 7 x 30 = 630 input nodes).
Theglobalsystemcontainsl,531,185arameters.

e Thesecondconfigurationaimsat keepingthe systemas
light as possibleandto obtaina numberof parameters
in the sameorderthanthe baselinesystem In this case,
the multi-band MLPs have only 150 nodesin the first
hiddenlayer The ASR MLP, contains500 hiddennodes
andtakesonly oneframeatits input (thatis 7 x 30 =
210 inputnodes) Thetotalnumberof parameteréor this
configurationis 285,565.



-5dB | 0dB 5dB | 10dB | 15dB | 20dB | clean | average0—20dB
Baseling(log-RASTA) 90.4% | 68.4% | 39.3% | 19.2% | 7.3% | 3.1% | 1.2% 27.5%
J-RASTA 82.9% | 55.2% | 27.5% | 11.6% | 4.8% | 2.3% | 0.9% 20.3%
Non-linearspectrakubtraction 77.6% | 50.0% | 24.5% | 10.6% | 5.3% | 3.2% | 1.2% 18.7%
Missingdatacompensation 75.4% | 43.7% | 18.8% | 7.1% | 3.0% | 1.7% | 0.9% 14.9%
Contaminatednultiband(conf.1) | 59.5% | 28.9% | 11.9% | 5.0% | 2.4% | 1.0% | 0.5% 9.8%
Contaminatednultiband(conf.2) | 63.8% | 33.5% | 14.3% | 6.3% | 3.2% | 1.7% | 0.9% 11.8%
Matchingnoiseconditions 54.3% | 24.2% | 8.6% | 3.8% | 2.0% | 1.6% | 1.3% 8.0%

Table1: Word error rate of differentnoiserobust methodsAverage on 4 kindsof noisesfor different SNR.Lastcolumngivesaveiage

WERfor SNRfrom0 dB to 20 dB (cf. AURORAOfficial protocol)
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Figure 5: Recagnition performanceof different robust tech-
nigueson subwaynoise

Notethat,in ourimplementationthe multi-bandMLPs and
the ASR MLP have beentrainedon the samespeechcorpus,
thatis white-noisecontaminatediata.

Our systemhasbeencomparedo:

e a baselinehybrid systemtrainedon PLP derived from
log-RASTA filtering of critical bandenenies,

e PLPderivedfrom J-RASTA filtering [4] of critical band
enepgies,

e PLP derived from non-linearspectralsubtraction6] of
critical bandenegpies,

e PLPderivedfrom missingdatacompensatedritical band
enepies[8, 9]. Practicallywe usedasetof 256gaussians
to performthe missingdataimputation.Selectionof re-
liable spectrakomponentsvasbasedn automatidocal
SNR estimation.See[7] for a completetheoreticalde-
scriptionof the missingdatatechniques.

e asa referencea J-RASTA PLP basedhybrid system
trainedon datacontaminatedvith the samenoiseasfor
thetest(matchingconditions).

Resultsfor eachnoiseare shavn on Figure5, 6, 7 and 8.
Table1 shavs averageresultson the 4 kinds of noise.

As we can seein Table 1 our methodoutperformsother
robust techniquesand leadsto relative impravementsas high
as74% (at 10 dB SNR) comparedo the baselinesystemand
around50% improvementcomparedto robust methodssuch
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Figure 6: Recagnition performanceof different robust tech-
nigueson babblenoise

asJ-RASTA filtering or spectralubtractionNote alsothatfor
somenoisessuchasin-car noisefor instancejmprovementis
even larger (up to 90% relative improvementcomparedo the
baselinesystem seeFigure7). Withoutary apriori assumption
onthenoisecharacteristicsye obtainrecognitionaccurag that
getscloseto the systemtrainedon matchingnoiseconditions.
The proposedstructurealso outperformsthe other systemsin
the caseof cleanspeechgventhoughnoiseis usedin thetrain-
ing procedureof the subbandliscriminantneuralnetworks.

4. Conclusion

We have proposedanew algorithmfor theoptimalestimatiorof
noiserobust acousticfeaturesThis estimationis basedon the
contaminationof training datawhich is known to give quasi-
optimal performancéf the noiseconditionsareknown a priori.
In orderto remove this constrainiandto malke the systeminde-
pendento the noisespectralcharacteristicswe cut the signal
into narrav frequeng bands.In eachsubbandwe canthere-
fore assumehatthe noiseis quasi-whitgjustifying the training
of subbandVILPs on speectdatacontaminatedy white noise
atdifferentlevels. This MLPs canthereforebe usedfor the esti-
mationof acoustideaturesn eachsubbandhatcanbeassumed
to berobustto ary kind of noise.

Our approachthasbeentestedon the AURORA taskon 4
kinds of noiseat SNR rangingfrom -5 dB to 20 dB andcom-
paredto other robust methoddescribedin the literature. We



Results on AURORA 2 : in—car noise
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Figure 7: Recanition performanceof different robust tech-
niguesonin-car noise

Results on AURORA 2 : exhibition hall noise
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Figure 8: Recagnition performanceof different robust tech-
nigueson exhibition hall noise

shav that our methodleadsto an average(on differentnoises)
relative diminution of theerrorrateup to 74% comparedo our
baselinesystem(log-RASTA PLP) and up to 57% compared
to rohust featuressuchasJ-RASTA PLP. And this without the

needof ary a priori knowledge on the noise characteristics.

Additionally, the proposedsystemalsoyieldsimproved perfor
mancein thecaseof cleanspeech.

Moreover, a particularattentionwas given to not increase
the overall numberof parametersf the ASR systemin orderto
keepthe systemascompetitve aspossible.

As statedin theintroduction,othernoiserobusttechniques
could be integratedto this architecture More particularly we
think thatthe useof missingdatacompensatetkaturesasinput
to themultibandstructurecouldfurtherhelp.
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