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ABSTRACT
In thiswork theuseof noisereductiontechniquesfor hands-free

speechrecognitionin car environment is investigated. A set of
experimentswascarriedout usingdifferentspeechenhancement
algorithmsbasedon noiseestimation. In particular, linear spec-
tral subtractionandMMSE estimatorsareconsideredwith various
parametersettings.

Experimentswereconductedon connectedandisolateddigits,
extractedfrom theItalian versionof theSpeechDatCardatabase.
Recognitionratesdonotagreewith acousticallyperceivedquality
of noisereduction.As aresult,thebestperformanceis obtainedby
spectralsubtractionwith a suitablechoiceof the oversubtraction
factoranda quantilenoiseestimator. It providesmorethan30%
relative performanceimprovement,from 94.4%of thebaselineto
96.2%digit recognitionaccuracy.

1. INTRODUCTION

Reliablehands-freespeechinteractioninsidethecaris still achal-
lengingscenario.An essentialrequirementis robustnessof speech
recognitionagainstthe variouskinds of noisetypical of the car
environment.

Several new applicationsin this context are envisagedin the
next future,allowing thedriver to controlby voicedevicessuchas
RDS-tuner, CD andcassetteplayer, air conditioner, etc.Also more
complex interactionslike mobile telephonedialing andaccessto
a navigationsystemor to remoteinformationservices[1] will be
practicablein a full hands-freemodality, with increasedflexibility
andsafetyfor thedriver who canconcentratehis attentionon the
road.

Securityandconvenienceof hands-freeinteractionrequirethat
themicrophonemustnot encumbertheuserandthereforecannot
beput closeto his/hermouth. As a consequencethe input signal
is characterizedby a low SNR, being affectedby several noise
components[2]. Engineandtyrescontributemainlylow frequency
noise,while aerodynamicturbulence,predominantat high speed,
hasa broaderspectralcontent[3]. Moreover, other much more
unpredictablenoiseevents(e.g. roadbumps,rain, traffic noise...)
characterizethecarenvironment.

Theuseof speechenhancementtechniquesfor reductionof en-
vironmentalnoisehasbeenofteninvestigatedfor speechrecogni-
tion purposes[4]. Amongmany others,algorithmsbasedonnoise
estimationarevery popularthanksto their effectivenessandtheir
low computationalcost. This paperexaminestwo widely used
techniques,namely linear spectralsubtractionand MMSE esti-
mators,presentingresultsof speechrecognitionon a digit task.
Onekey point of theexperimentsis theuseof theSpeechDatCar
databasefor both trainingandtesting,in orderto evaluatesystem
performanceundermatchedconditions. Someexperimentswere
conductedin thepaston theuseof contaminatedspeechfor sys-
tem training, asreportedin [5]; future activities will be oriented
to investigatethe useof speechenhancementin a contaminated
trainingframework.

In the following we briefly recall the fundamentalsof back-
groundnoiseestimateandthespeechenhancementalgorithmsof
interest,thenwe describethe hands-freespeechrecognitionsys-
tem underdevelopmentandsummarizethe resultsof our experi-
ments.1

2. BACKGROUND NOISE ESTIMATE

Thechoiceof anestimatorfor backgroundnoiseis a key problem
for noisereductionalgorithms. Noise is assumedto be additive
andstationarywith respectto speech;it is a commonpracticeto
estimateit in non-speechintervals andusesuchestimateto pro-
cesscorruptedspeechframes.This approachis basedon theuse
of a VAD (Voice Activity Detector)to separatespeechandnon-
speechintervals, which hasproven to be difficult for very noisy
conditions.

In recentyears,mucheffort hasbeenspentin searchof alterna-
tive noiseestimatorsthat canwork without VAD. In Continuous
SpectralSubtraction(CSS,[6]) backgroundnoiseis estimatedat
every frame,regardlessof speech-nonspeechclassification:this
methodreliesonaccuratechoiceof parameters.

1This work was partially fundedby the Commissionof the EC, In-
formationSocietyTechnologies(IST), 2000-25426,underVICO (Virtual
IntelligentCOdriver.



In statisticaltechniques[7, 8, 9], estimationis basedon real-
time signalstatistics,underthe assumptionthat a certainpart of
thenoisysignalpoweris noisepower, alsoduringspeechintervals.

2.1. Continuous estimate

Therecursive methodusedin CSSis calledherecontinuous esti-
mate: &')( �*
,+�-/.10 &')( �3254�
,+�-76 ( 48290:-�; ( �*
�+�-

(1)
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is theshort-timenoisespectrumestimateat m-th

frame,and
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is theshort-timespectrumof thenoisysignal
at
�

-th frameandfrequency
+

; parameter
0

is generallychosen
closeto 1.

Spectracanbemagnitudeor squaredmagnitudespectra;in this
investigationwe usedmagnitude.

2.2. Quantile estimate

Thequantiletechniquedescribedin [9] wastakenasa representa-
tive of thestatisticalestimatorsclass,sincein [10] it showedvery
goodperformanceevenwhencomparedto anidealVAD. A buffer
is keptfor eachfrequency component,in orderto estimatetheq-th
quantileof speechdistribution. Parameterq wassetto 0.5(median
estimate) andbuffer sizewassetto 25 accordingto [9]. To avoid
time-consumingsortingoperations,we adoptedin-placeinsertion
for eachnew element.

3. NOISE REDUCTION ALGORITHMS

To uniform our notation, <>= will always be the clean speech
short-timespectrum,with m indicating the current frame; fre-
quency index is omitted.Further,

; = will beusedfor noisyspeech
spectrumand

' = for noisespectrum. A hat (

&?
) indicatesesti-

matedspectra.
All techniquespresentedhereoperateon theshort-timeampli-

tude spectrum;noisy spectrumphaseis usedfor reconstruction.
Hence,all spectrahereareby default amplitudespectra.

All techniquesareaffectedto avariousdegreeby musicalnoise,
thekind of residualdistortionwhich happenswith short-timepro-
cessing[11]; in general,we canassertthereis a trade-off between
residualnoiseeliminationandspeechdistortion.

3.1. Spectral subtraction

For eachfrequency bin, thegeneralizedform of spectralsubtrac-
tion is definedin [12] as:&<>= .A@CB�DFEHGI;KJ= 2)LNMOM
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where
L M�M

is anover-subtractionfactor, Z is thepower index ( Z =1
meansmagnitudesubtractionand Z =2 meanspower subtraction),
and

TFV#W
is a noise-floorfactor. Over- andunder-subtractioncan

beeffectivesinceactualnoiseis notequalto its mean;ontheother
hand,noiseflooring preventsthe occurringof negative valuesin

the spectrum.Actually, in [12] noisefloor wasa function of the
noisepower (

TFV#W ' = insteadof
TFV#W�; = ), but many authors(e.g.

[6]) follow the latter rule, andthereis someevidence[13] that it
couldperformslightly betterin a recognitionframework. A com-
monvaluefor

TFV#W
is 0.1.

3.2. MMSE estimators

In [14] and[15] theanalyticalsolutionto the problemof theop-
timal spectrumandlog-spectrumMMSE estimatorwasgiven,un-
der thehypothesisthat spectralcomponentsareGaussianandin-
dependentlydistributed. In both casesthe solution is a complex
expressionof theform&<>= .\["]�^ V�_ = ( &' -�; = (3)

where it is stressedthat the gain function
["]U^ V�_ = dependson

presentandpastvaluesof noiseestimate

&'
; suchestimateis used

to determinetwo estimatesof a priori anda posteriori SNR2:` ^a],b V�_ = . ;dc=&' c= (4)
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Thevalueof
LNg7h

is generallykeptprettycloseto 1 for betterper-
ceivedquality (in [14] theauthorssuggestto usethevalue0.97).

4. EXPERIMENTAL FRAMEWORK

4.1. Acoustic front-end and HMM recognizer

Beforefeatureextraction,theacousticfront-endappliesa preem-
phasisto theinputsignal.Further, short-timeanalysisis performed
with 20 msframesizeand16kHzsamplingfrequency; theanaly-
sis stepis 10 ms (50% frameoverlapping). For eachframe,12
Mel-scaledcepstralcoefficients(MCC) andthelog-energy areex-
tracted; then the meanvalue is subtractedfrom the MCCs, and
log-energy is normalizedwith respectto its maximumvaluein the
utterance.The resultingsetof features,togetherwith their first
andsecondorder time derivatives, form the 39 componentsfea-
turevectorthatis input to therecognizer.

TheHMM recognizerisbasedonasetof 34phone-likecontext-
independentspeechunits. Eachacoustic-phoneticunit is modeled
with left-to-rightcontinuousdensityHMMs, with outputprobabil-
ity distributionsrepresentedby meansof mixtureshaving 16Gaus-
siancomponentswith diagonalcovariancematrices.HMM train-
ing wasaccomplishedthroughthestandardBaum-Welchtraining
procedure.

All experimentswere madeundermatchedconditions: for a
given experiment, the training materialwas processedwith the
samenoisereductiontechniqueappliedto thetestmaterial.

Note that, with respectto what reportedin [5], in this set of
experimentsa differentfeaturevectorwasused(12MCCsinstead
of 8) andmodelswerenotadapted.

2Pleasenotethat pq c= canbe usedin placeof pq c=Ql7n in equation(5)
sincenoiseis short-timestationary.



SNR <5dB 5-15dB >15dB

numberof utterances 403 1137 449

Table 1. Databasepartitioningaccordingto SNR.

4.2. Digit recognition task

The taskconsideredwasextractedfrom the Italian versionof the
SpeechDatCardatabase,whichis describedin [16]. Thetaskcon-
sistsof asetof 1084connectedand905isolateddigitspronounced
by 100speakers,for agrandtotalof 10771digits. As shown in Ta-
ble 1, the test set was divided in threesubsets,accordingto an
estimateof SNR.

For a given speech signal, SNR was estimated as4�rHsIt�u n�v (U(xw b52 wzy -U{ wzy -
, where

w b
and

wzy
representthe

averagepower of thesegmentscontainingspeechandtheaverage
power of thebackgroundnoisesegments,respectively; estimation
wasbasedon a preliminarymanualsegmentationof theutterance
boundaries.

Training was accomplishedusing the samematerial adopted
in [5]: it is composedof 2410 phoneticallyrich utterancespro-
nouncedby anothersubsetof 100speakers.

Performanceis measuredasdigit recognitionrate(WRR).

5. EXPERIMENTAL RESULTS

5.1. Baseline

In thefollowing experiments,only oneof thethreefar-microphone
channelsrecordedin SpeechDatCardatabasecollectionwasused,
specificallythe rightmostone,placednearthe rearmirror (indi-
catedin [5] as Mic3). Using the above describedfront-end,the
baselineWRRwas94.4%.

As reference,close-talk recordings(synchronouslyacquired
with far microphones)were usedto derive an upperboundper-
formance,equalto 98.9%WRR.

5.2. Spectral subtraction

While in subjective listening spectral subtraction performed
poorly, becauseof a largeamountof musicalnoise,its application
to recognitionexperimentsturnedout to bebeneficial.It wasfirst
experimentedwith the continuousnoiseestimator, and obtained
thebestresultsby setting

0�.|rO% }
(95.1%WRR). Theparameter

combinationwassetto ( Z .~4�
�L/M�MC.|4�% ��
,TFV#W�.�r�%�4
), which is

frequentlyusedin theliterature[3].
After that,thesamesetof parameterswasusedwith themedian

noiseestimator, obtaining95.8%WRR.We thenchoseto explore
more deeplythe impact of oversubtractionon recognitionrates.
Our investigationis summarizedby Figure1: thevalue1.3seems
to performslightly betterthantheothers,with a96.2%recognition
rate.

A similaranalysiswasperformedfor Z .\�
: variationsin WRR

were distributed on a wider interval, with a maximum around

95.5

95.6

95.7

95.8

95.9

96

96.1

96.2

0.9 1 1.1 1.2 1.3 1.4 1.5 1.6 1.7 1.8 1.9

WRR(%)

αSS

Fig. 1. Recognitionratefor spectralsubtractionasa function of�/��� (with �������,�F�#�K�\���I� ).
�/��� ���d�\�O� � , still underthe bestperformanceobtainedwith
magnitudesubtraction.

A roughanalysisof SNR-dependencefor spectralsubtraction
with mediannoiseestimatewas then conducted,by partitioning
theresultsasdescribedin Table1; themostsignificantresultsare
shown in Table2.

<5dB 5-15dB >15dB

baseline 90.5 94.4 97.8�/��� ��� 92.2 96.1 97.8�/��� ����� � 92.9 96.7 97.7� ��� ����� � 92.2 96.4 97.5�/��� ����� � 92.7 96.2 97.7

Table 2. Performance(WRR%)asa functionof SNR.

Table 2 shows that spectralsubtractionimproves recognition
ratesfor low- andmid-rangeSNR, while for a good quality in-
put it would bebetternot to useit at all; theuseof a lower �/���
(e.g.1) for high SNRseemsto bea goodchoiceaswell.

5.3. MMSE estimators

Although MMSE algorithmsrequireheavy computationin their
original form, agreatamountof computationcanbesavedif some
of theanalyticalfunctionsinvolved(e.g.themodifiedBesselfunc-
tionsof zeroandfirst order)areapproximatedby low orderpoly-
nomials. Thanksto this approach,filtering time wasreducedby
tenfold (makingthe algorithmquite asfastassubtraction)while
resultswerealmostidentical.

However, MMSE spectralamplitudeestimator([14]) doesnot
work well with continuousestimate:thepresenceof speechcom-
ponentsin noise estimategave rise to “reverberation” tails in
speechsignal,andrecognitionrateswerefar lower thanthebase-
line ones. MMSE log-estimator([15]), on the other hand,was
morepleasantto listen,but its performancewasstill poor.



Theadoptionof medianestimategave moresignificantresults,
asonecanseein Figure2. The bestperformancefor both tech-
niquesappearsto be for

L/goh
around0.88-0.9,at least for the

valuesunderinvestigation.
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Fig. 2. Comparisonof MMSE [14] andlog-MMSE[15] estimator
performance.

Even thoughboth algorithmsgive a perceptuallymore pleas-
antoutputthansubtraction,recognitionratesarelower. Moreover,
from ourexperimentslog-spectralestimatorappearsto besuperior
to spectralestimator, bothfor noisereductionandperformanceim-
provement.

6. CONCLUSIONS

This work hasdescribedan ongoingactivity on the adoptionof
noisereductiontechniquesin a taskof speechrecognitionin car
environment. The study, in its preliminarystage,wasconducted
usingstandardalgorithms,with differentparametersetting,anda
real databaseof digits, which wasextractedfrom SpeechDatCar
database.Resultsshowed that spectralsubtractionslightly out-
performsthe othertechniques,leadingto a relative improvement
around30%in digit accuracy.

Next stepswill beorientedto thejoint useof theherepresented
noisereductiontechniquesandof speechcontaminationfor HMM
training [5], possiblywith tasksbasedon medium-large vocabu-
laries.Moreover, the impactof effective speechactivity detection
algorithmsin this framework will be investigated.The final pur-
poseis thedevelopmentof anadvancedsystemfor driver-machine
dialogueinteractionbeingstudiedunderVICO project.
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