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Abstract
In this paper, we presenta new approachfor improving the

robustnessof automaticspeechrecognitionsystemsto additive
noise.Thisapproachlieson theuseof aparticulartrainingpro-
cedure(basedondatacontamination)in aparticulararchitecture
(themulti-bandparadigm).In this framework, we expectto re-
movethedrawbacksof boththecorpuscontaminationapproach
which is the dependency to noisespectralcharacteristics,and
the multi-bandarchitecturewhich is its inefficiency in caseof
widebandnoise.This methodhasbeentestedon theAURORA
2 taskandcomparedto other robust methodssuchasspectral
subtraction,J-RASTA filtering andmissingdatacompensation,
leadingto verygoodperformanceondifferentkindsof additive
noise,without any a priori knowledgeof thenoisecharacteris-
tics.

1. Intr oduction
Additive noiseis oneof themostcommonsourcesof degrada-
tion of theperformanceof automaticspeechrecognition(ASR)
systems.The effect of the noiseis to lead to a mismatchbe-
tweentheacousticmodelsandtheacousticdata.Varioustech-
niqueshave beendevelopedin orderto decreasethe impactof
noiseon ASR systems,suchas spectralsubtraction[5, 6], J-
RASTA filtering [4], modeladaptation[14], missingdatacom-
pensation[7, 8, 9], ...

One of the most efficient techniquesto improve robust-
nessof speechrecognitionsystemson additive noiseconsists
in training theacousticmodelswith datacorruptedby noiseat
differentsignal-to-noiseratios(SNR) [3]. This approachleads
to quasi-optimalperformancewhen the noiseusedfor train-
ing is spectrallysimilar to the noise usedin the application
but fails when the noisesare spectrallytoo different. There-
fore, this approachis usefulif we have a gooda priori knowl-
edgeon the noisespectrumcharacteristics.Another classof
robust approachesis the sub-bandanalysiswhich consistsin
developingindependentacousticmodelsin differentfrequency
bands[10, 11]. It is thereforepossiblein asecondstepto weight
the importanceof thosefrequency bandsaccordingto their re-
liability andhenceto minimize the influenceof noisy bands.
Unfortunately, this approachis still not particularlyefficient in
caseof widebandnoise.

The approachpresentedin this paperallows to get rid off
the limitations of the last two robust techniques.Basedon the
multi-bandarchitecture,our approachlies on the observation
that, if we considernarrow frequency bands,noisesinsidethe
bandspracticallydiffer by their energy level only, not by the
shapeof their bandlimited power spectra.Therefore,we can
train acousticmodelsassociatedwith the multiple frequency
bandson datacorruptedby any kind of widebandnoiseat dif-
ferentsignal-to-noiseratios.If the frequency bandsarenarrow

enough,we canthenexpectthesemodelsto be robust to other
kinds of noises.The bandwidthof the frequency bands(and
consequentlythenumberof subbands)will resultsfrom atrade-
off betweentheassumptionthatnoiseis whitewithin asubband
andtheability to discriminatebetweenspeechandnoiseinside
a subband.

So,themethodconsistsessentiallyin theuseof aparticular
trainingprocedure(basedon datacontamination)in theframe-
work of a particulararchitecture(basedon sub-bandanalysis).
As alreadystated,thesetwo methodsseemto havelimited inter-
estwhenusedindependently. Notealso,thatdueto their com-
plementaritywith the proposedscheme,other robust methods
suchasspectralsubtraction,filtering of thetemporalfeaturetra-
jectories,canalsobecombinedin this architecture.

2. Description
This sectiondescribesour approach.We first perform a crit-
ical bandanalysisof the windowed speechframes.Similarly
to PLP processing[2], this analysisusesa frequency domain
filter-bank with 30 trapezoidalfilters equally spacedalong a
Barkscale.The30critical bandenergiesarethensplit into sub-
vectorsfeaturingthe spectralenvelope in different frequency
bands.Among the different configurationthat we have been
testing,splitting in 7 bands,asshown in Figure1, gave thebest
performance.Eachsub-vectoris thennormalizedin orderto ob-
tain parametersthatareindependenton theabsoluteenergy of
thespeechframe.Onecouldalsocomputesubbandcepstralco-
efficients by applyinga discretecosinetransformon the sub-
vectors.Thesetwo optionswereactuallyshown to give similar
performance.
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Figure1: Computationof robustacousticfeatures,relatedto 7
frequencybands.

The key elementof our approachis a schemeto estimate
robust parametersfrom thesesubbands.To achieve this, each
subbandacousticfeaturevectoris non-linearlytransformedus-



ing anartificial neuralnetwork (ANN). We actuallyusemulti-
layerperceptrons(MLPs) [1] designedfor phoneticunit classi-
fication.As suggestedin theintroduction,training theseMLPs
on noisydataallow themto transformtheir input in anoptimal
way for noisyenvironments.Practically, whitenoiseis addedin
a controlledway to thecleanspeechtrainingcorpus.As shown
in Figure2, this givesus a noisy training corpuswith signal-
to-noiseratios (SNRs) ranging from 0 dB to 20 dB, as well
as a portion of cleanspeech.The 7 bandsconfigurationthat
we have beenusing leadsto frequency bandsthat arenarrow
enoughto validatethe’white noise’assumption,while keeping
enoughspeechspecificinformationfor phoneticclassification
within eachband.
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Figure2: Principleof trainingcorpuscontaminationwith white
noise.

In short, eachsubbandusesan MLP trained to provide
a nonlinearmappingbetweenspectralacousticfeaturesand
phonemeposteriorprobabilityestimates.This mappingis opti-
mizedfor phoneticclassificationin noisyenvironments.Single
hidden-layerMLPs canprovide probability estimatesthancan
thenbe usedas robust acousticfeaturesfor automaticspeech
recognition.To provide moreflexibility , we ratherusedMLPs
with two hiddenlayers(Figure3). During recognition,theout-
put of thesecondhiddenlayer is usedasnoise-robustacoustic
featurevector for the correspondingsubband.The sizeof the
layercanbeoptimizedor adjustedto getthedesirednumberof
features.Thiskind of approachis known asnon-lineardiscrim-
inantanalysis(NLDA) [15]. A similar ideais alsoexploited in
theTandemspeechrecognitionstructure[12]. In our casehow-
ever, multiple non-lineartransformationare appliedto obtain
robustfeaturesinto spectralsubbands.
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Figure3: Nonlineardiscriminantanalysis.

The subbandfeaturesare then concatenatedto obtain an
acousticfeaturevector that canbe usedin any classicalauto-
matic speechrecognitionsystem.In our case,we have been
usinga HMM-basedsystemwith a MLP for acousticmodel-
ing [1]. The multibandstructurecould be trainedon different
acousticdataanddifferentphoneticunitsthatthespeechrecog-
nition acousticmodel.Thesetwo systemscanindeedbeseenas
two independentcomponents:multibandrobust featureextrac-
tion and speechrecognitionacousticmodeling.Training data
with sufficient phoneticcoveragemight thusprovide a multi-
band”featureextraction” structurethat is portableacrossdif-
ferent tasks,and noiseconditions.Preliminaryresultswith a
Tandemstructure[13] evensuggestportability acrossdifferent
languages.
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Figure4: Applicationto automaticspeech recognition.

Finally, thisapproachcaneasilybecombinedwith comple-
mentarynoiserobustmethods,for instancespectralsubtraction
andmodeladaptation(seeFigures1 and4).

3. Experiments
Experimentshave beencarried out on the AURORA 2 [16]
database.Thisdatabaseis basedonTI-DIGITS (connecteddig-
its in americanEnglish)corruptedby differentkindsof noises.
Welimited ourexperimentsto thefollowing four typesof noise:
subway, babblenoise,in-carnoiseandexhibition hall.

Thevocabulary is composedof the 10 digits, we have de-
finedword modelsdepictedby 127HMM states.

Thebaselinehybrid systemcontainsonly 323,195parame-
ters.It uses15 framesof 13 dimensionacousticfeatures,it has
1000hiddenunitsand127outputs.

The multi-bandsystemis composedof 7 subbandMLPs
with 2 hiddenlayerseach.MLP arefed with 15 framesof fre-
quency bandspecificspectralparameters.We have definedtwo
configurations.

� Thefirst oneis quiteheavy, multi-bandMLPshave1000
nodesin the first hiddenlayer, 30 nodesin the second
hiddenlayer. The ASR systemis a hybrid HMM/MLP
modelizing the 127 HMM states.This MLP contains
1000hiddennodesandis fed with 3 framesof concate-
natedvectors(that is ���
	�����
�������
 input nodes).
Theglobalsystemcontains1,531,185parameters.

� Thesecondconfigurationaimsat keepingthesystemas
light aspossibleand to obtaina numberof parameters
in thesameorderthanthebaselinesystem.In this case,
the multi-bandMLPs have only 150 nodesin the first
hiddenlayer. TheASRMLP, contains500hiddennodes
andtakesonly oneframeat its input (that is 	�����
����� 
 inputnodes).Thetotalnumberof parametersfor this
configurationis 285,565.



-5 dB 0 dB 5 dB 10 dB 15dB 20dB clean average0� 20dB
Baseline(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-linearspectralsubtraction 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%
Contaminatedmultiband(conf.1) 59.5% 28.9% 11.9% 5.0% 2.4% 1.0% 0.5% 9.8%
Contaminatedmultiband(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 rateof differentnoiserobustmethods.Average on 4 kindsof noisesfor differentSNR.Lastcolumngivesaverage
WERfor SNRfrom0 dB to 20dB (cf. AURORAofficial protocol)
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Figure 5: Recognition performanceof different robust tech-
niquesonsubwaynoise.

Notethat,in our implementation,themulti-bandMLPsand
the ASR MLP have beentrainedon the samespeechcorpus,
thatis white-noisecontaminateddata.

Oursystemhasbeencomparedto:
� a baselinehybrid systemtrainedon PLP derived from

log-RASTA filtering of critical bandenergies,
� PLPderivedfrom J-RASTA filtering [4] of critical band

energies,
� PLP derived from non-linearspectralsubtraction[6] of

critical bandenergies,
� PLPderivedfrommissingdatacompensatedcritical band

energies[8, 9]. Practicallyweusedasetof 256gaussians
to performthemissingdataimputation.Selectionof re-
liablespectralcomponentswasbasedonautomaticlocal
SNR estimation.See[7] for a completetheoreticalde-
scriptionof themissingdatatechniques.

� as a reference,a J-RASTA PLP basedhybrid system
trainedon datacontaminatedwith thesamenoiseasfor
thetest(matchingconditions).

Resultsfor eachnoiseareshown on Figure5, 6, 7 and8.
Table1 shows averageresultson the4 kindsof noise.

As we can seein Table 1 our methodoutperformsother
robust techniquesand leadsto relative improvementsas high
as74% (at 10 dB SNR) comparedto the baselinesystemand
around50% improvementcomparedto robust methodssuch
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Figure 6: Recognition performanceof different robust tech-
niquesonbabblenoise.

asJ-RASTA filtering or spectralsubtraction.Notealsothat for
somenoisessuchasin-car noisefor instance,improvementis
even larger (up to 90% relative improvementcomparedto the
baselinesystem- seeFigure7).Withoutany apriori assumption
onthenoisecharacteristics,weobtainrecognitionaccuracy that
getscloseto the systemtrainedon matchingnoiseconditions.
The proposedstructurealsooutperformsthe othersystemsin
thecaseof cleanspeech,eventhoughnoiseis usedin thetrain-
ing procedureof thesubbanddiscriminantneuralnetworks.

4. Conclusion
Wehaveproposedanew algorithmfor theoptimalestimationof
noiserobust acousticfeatures.This estimationis basedon the
contaminationof training datawhich is known to give quasi-
optimalperformanceif thenoiseconditionsareknown a priori.
In orderto remove this constraintandto make thesysteminde-
pendentto the noisespectralcharacteristics,we cut the signal
into narrow frequency bands.In eachsubband,we can there-
fore assumethatthenoiseis quasi-whitejustifying thetraining
of subbandMLPs on speechdatacontaminatedby white noise
atdifferentlevels.ThisMLPscanthereforebeusedfor theesti-
mationof acousticfeaturesin eachsubbandthatcanbeassumed
to berobustto any kind of noise.

Our approachhasbeentestedon the AURORA taskon 4
kinds of noiseat SNR rangingfrom -5 dB to 20 dB andcom-
paredto other robust methoddescribedin the literature.We
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Figure 7: Recognition performanceof different robust tech-
niqueson in-car noise.
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Figure 8: Recognition performanceof different robust tech-
niquesonexhibitionhall noise.

show thatour methodleadsto anaverage(on differentnoises)
relative diminutionof theerrorrateup to 74%comparedto our
baselinesystem(log-RASTA PLP) and up to 57% compared
to robust featuressuchasJ-RASTA PLP. And this without the
needof any a priori knowledge on the noise characteristics.
Additionally, theproposedsystemalsoyieldsimprovedperfor-
mancein thecaseof cleanspeech.

Moreover, a particularattentionwasgiven to not increase
theoverall numberof parametersof theASRsystemin orderto
keepthesystemascompetitive aspossible.

As statedin theintroduction,othernoiserobusttechniques
could be integratedto this architecture.More particularly, we
think thattheuseof missingdatacompensatedfeaturesasinput
to themultibandstructurecouldfurtherhelp.
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