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ABSTRACT

In thiswork theuseof noisereductiontechniquegor hands-free
speechrecognitionin car ervironmentis investigated. A setof
experimentswas carriedout using different speechenhancement
algorithmsbasedon noise estimation. In particular linear spec-
tral subtractiorandMMSE estimatorsareconsideredvith various
parametesettings.

Experimentsvere conductedn connectedandisolateddigits,
extractedfrom the Italian versionof the SpeechDa€Car database.
Recognitiorratesdo not agreewith acousticallyperceved quality
of noisereduction.As aresult,thebestperformancés obtainedoy
spectralsubtractionwith a suitablechoiceof the oversubtraction
factoranda quantilenoiseestimator It provides morethan30%
relative performancemprovement,from 94.4%of the baselineto
96.2%digit recognitionaccurag.

1. INTRODUCTION

Reliablehands-freespeechinteractioninsidethecaris still achal-
lengingscenario An essentiatequirements robustnes®f speech
recognitionagainstthe variouskinds of noisetypical of the car
ernvironment.

Several new applicationsin this contet are ervisagedin the
next future, allowing thedriver to controlby voicedevicessuchas
RDS-tuneyCD andcassett@layer air conditioney etc. Also more
comple interactiondlike mobile telephonedialing and accesso
a navigation systemor to remoteinformationserviceq1] will be
practicablan afull hands-freanodality with increasedlexibility
andsafetyfor the driver who canconcentratéiis attentionon the
road.

Securityandcornvenienceof hands-freenteractionrequirethat
the microphonamustnot encumbethe userandthereforecannot
be put closeto his’lhermouth. As a consequencthe input signal
is characterizedy a low SNR, being affected by several noise
component§2]. Engineandtyrescontributemainlylow frequeny
noise,while aerodynamicurbulence,predominantt high speed,
hasa broaderspectralcontent[3]. Moreover, other much more
unpredictablenoiseevents(e.g. road bumps,rain, traffic noise...)
characterizeéhe carervironment.

Theuseof speectenhancemertechniquedor reductionof en-
vironmentalnoisehasbeenofteninvestigatedor speechrecogni-
tion purposeg4]. Amongmary othersalgorithmsbasedn noise
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 the experimentds the useof the SpeechDaCar
databaséor bothtrainingandtesting,in orderto evaluatesystem
performancaindermatchedconditions. Someexperimentswere
conductedn the paston the useof contaminatedspeechor sys-
temtraining, asreportedin [5]; future actvities will be oriented
to investigatethe use of speechenhancemenin a contaminated
training framework.

In the following we briefly recall the fundamentalsof back-
groundnoiseestimateandthe speechenhancemerdlgorithmsof
interest,thenwe describethe hands-freespeectrecognitionsys-
tem underdevelopmentand summarizethe resultsof our experi-
ments.!

2. BACKGROUND NOISE ESTIMATE

The choiceof anestimatorfor backgrounchoiseis akey problem
for noisereductionalgorithms. Noise is assumedo be additve
andstationarywith respecto speechijt is a commonpracticeto
estimateit in non-speeclintenals and usesuchestimateto pro-
cesscorruptedspeechrames. This approachs basedon the use
of a VAD (Voice Activity Detector)to separatespeechand non-
speechintenals, which hasproven to be difficult for very noisy
conditions.

In recentyears mucheffort hasbeenspentin searchof alterna-
tive noiseestimatorshat canwork without VAD. In Continuous
SpectralSubtraction(CSS,[6]) backgroundhoiseis estimatedat
every frame, regardlesof speech-norspeectclassification:this
methodrelieson accuratechoiceof parameters.

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



In statisticaltechniqueq7, 8, 9], estimationis basedon real-
time signal statistics,underthe assumptiorthat a certainpart of
thenoisysignalpoweris noisepower, alsoduringspeechintenals.

2.1. Continuous estimate

Therecursve methodusedin CSSis calledherecontinuous esti-
mate:

N(m, f) = pN(m—1,f) + (1 — p)Y(m, f) (1)

WhereN(m, f) is the short-timenoisespectrumestimateat m-th
frame,andY (m, f) is theshort-timespectrunof the noisysignal
at m-th frameandfrequeny f; parametep is generallychosen
closeto 1.

Spectracanbe magnitudeor squarednagnitudespectrajn this
investigationwe usedmagnitude.

2.2. Quantile estimate

Thequantiletechniquedescribedn [9] wastakenasa representa-
tive of the statisticalestimatorslass,sincein [10] it shavedvery
goodperformancevenwhencomparedo anideal VAD. A buffer
is keptfor eachfrequeng componentin orderto estimateheq-th
quantileof speechlistribution. Parameter wassetto 0.5 (median
estimate) andbuffer sizewassetto 25 accordingto [9]. To avoid
time-consumingsortingoperationsye adoptedn-placeinsertion
for eachnew element.

3. NOISE REDUCTION ALGORITHMS

To uniform our notation, X,,, will always be the clean speech
short-time spectrum,with m indicating the current frame; fre-
queng index is omitted. Further Y;,, will beusedfor noisyspeech
spectrumand N,,, for noisespectrum. A hat (4) indicatesesti-
matedspectra.

All techniquegpresentedhereoperateon the short-timeampli-
tude spectrum;noisy spectrumphaseis usedfor reconstruction.
Hence all spectrehereareby default amplitudespectra.

All techniquesireaffectedto avariousdegreeby musicalnoise,
thekind of residualdistortionwhich happensvith short-timepro-
cessind11]; in generalwe canasserthereis atrade-of between
residualnoiseeliminationandspeechdistortion.

3.1. Spectral subtraction

For eachfrequeng bin, the generalizedorm of spectralsubtrac-
tion is definedin [12] as:

gal
Xm = max ([ng —assNy]”? :Kthym) )

whereass is anover-subtractiorfactor 3 is thepowerindex (8=1
meansmagnitudesubtractiorand =2 meangpower subtraction),
and K, is a noise-floorfactor Over and undersubtractioncan
beeffective sinceactualnoiseis notequalto its mean;ontheother
hand, noiseflooring preventsthe occurringof negative valuesin

the spectrum.Actually, in [12] noisefloor wasa function of the
noisepower (Kyp, N, insteadof K;,Y,,), but mary authors(e.g.
[6]) follow the latter rule, andthereis someevidence[13] thatit
could performslightly betterin a recognitionframevork. A com-
monvaluefor Ky is 0.1.

3.2. MMSE estimators

In [14] and[15] the analyticalsolutionto the problemof the op-
timal spectrumandlog-spectrumMMSE estimatowasgiven, un-
der the hypothesighat spectralcomponentsare Gaussiarandin-
dependentlydistributed. In both caseshe solutionis a comple
expressiorof theform

X = Gopt.m (N) Yy, (3)

where it is stressedhat the gain function Gopt,m dependson
presentindpastvaluesof noiseestimateV; suchestimates used
to determinetwo estimate®f a priori anda posteriori SNR:
Y2
Rpost,m = ——= (4)
post,m N

2
m

X—Q 1
R;m"io,m = (1 - aEM)Rpost,m +agpm AZL_ (5)
m—1
Thevalueof agar is generallykeptprettycloseto 1 for betterper
ceivedquality (in [14] theauthorssuggesto usethevalue0.97).

4. EXPERIMENTAL FRAMEWORK

4.1. Acoustic front-end and HMM recognizer

Beforefeatureextraction,the acousticfront-endappliesa preem-
phasigo theinputsignal. Further short-timeanalysids performed
with 20 msframesizeand 16kHz samplingfrequeng; the analy-
sis stepis 10 ms (50% frame overlapping). For eachframe, 12
Mel-scaledcepstrakoeficients(MCC) andthelog-enegy areex-
tracted; then the meanvalue is subtractedrom the MCCs, and
log-enegy is normalizedwith respecto its maximumvaluein the
utterance. The resultingset of features,togetherwith their first
and secondordertime derivatives, form the 39 componentdea-
turevectorthatis inputto therecognizer

TheHMM recognizeis basednasetof 34 phone-lile context-
independenspeectunits. Eachacoustic-phonetianit is modeled
with left-to-right continuousdensityHMMs, with outputprobabil-
ity distributionsrepresentetly mean®of mixtureshaving 16 Gaus-
siancomponentsvith diagonalcovariancematrices.HMM train-
ing wasaccomplishedhroughthe standardBaum-Weélchtraining
procedure.

All experimentswere madeunder matchedconditions: for a
given experiment, the training material was processedvith the
samenoisereductiontechniqueappliedto thetestmaterial.

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

2Pleasenotethat N2, canbe usedin placeof N2, in equation(5)
sincenoiseis short-timestationary



| SNR | <5dB | 5-15dB | >15dB |
| numberof utterances] 403 | 1137 | 449 |

Table 1. Databasgartitioningaccordingto SNR.

4.2. Digit recognition task

Thetaskconsideredvasextractedfrom the Italian versionof the
SpeechDa€Cardatabaseyhichis describedn [16]. Thetaskcon-
sistsof asetof 1084connectednd905isolateddigits pronounced
by 100speakrs,for agrandtotal of 1077 1digits. As shavn in Ta-
ble 1, the testsetwas divided in three subsetsaccordingto an
estimateof SNR.

For a given speech signal, SNR was estimated as
10log,o((Ps — Pp)/P.), where P, and P, representthe
averagepower of the sgmentscontainingspeectandthe average
power of the backgrounchoisesegments respectrely; estimation
wasbasedon a preliminarymanualsegmentationof the utterance
boundaries.

Training was accomplishedusing the samematerial adopted
in [5]: it is composeddf 2410 phoneticallyrich utterancespro-
nouncedy anothersubsebf 100spealers.

Performancés measuredsdigit recognitionrate(WRR).

5. EXPERIMENTAL RESULTS

5.1. Basdine

In thefollowing experimentspnly oneof thethreefarmicrophone
channelgecordedn SpeechDaCardatabaseollectionwasused,
specificallythe rightmostone, placednearthe rear mirror (indi-
catedin [5] asMic3). Using the above describedfront-end, the
baselineNRRwas94.4%.

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

5.2. Spectral subtraction

While in subjectve listening spectral subtraction performed
poorly, becausef alargeamountof musicalnoise,its application
to recognitionexperimentgurnedout to be beneficial.lt wasfirst
experimentedwith the continuousnoise estimatoy and obtained
the bestresultsby settingp = 0.9 (95.1%WRR). The parameter
combinationwassetto (8 = 1, ass = 1.5, Ky, = 0.1), whichis
frequentlyusedin theliterature[3].

After that,thesamesetof parametersvasusedwith themedian
noiseestimatoyobtaining95.8%WRR. We thenchoseto explore
more deeplythe impact of oversubtractioron recognitionrates.
Our investigationis summarizedy Figurel: thevaluel.3seems
to performslightly betterthanthe otherswith a96.2%recognition
rate.

A similaranalysisvasperformedor 8 = 2: variationsn WRR
were distributed on a wider interval, with a maximum around
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Fig. 1. Recognitionratefor spectralsubtractionasa function of
ass (with 8 =1, K, = 0.1).

ass = 4 + 4.5, still underthe bestperformanceobtainedwith
magnitudesubtraction.

A roughanalysisof SNR-dependenctor spectralsubtraction
with mediannoise estimatewas then conducted by partitioning
theresultsasdescribedn Table1; the mostsignificantresultsare
shavn in Table2.

| | <5dB | 5-15dB | >15dB |

baseline | 90.5 94.4 97.8
ass=1 | 922 | 961 | 97.8
ass =131 929 | 967 | 97.7
ass =15 ] 922 | 964 | 975
ass =171 927 | 962 | 97.7

Table 2. PerformancéWRR%)asa functionof SNR.

Table 2 shavs that spectralsubtractionimproves recognition
ratesfor low- and mid-rangeSNR, while for a good quality in-
putit would be betternot to useit atall; the useof alower ass
(e.g.1) for high SNRseemso beagoodchoiceaswell.

5.3. MMSE estimators

Although MMSE algorithmsrequireheary computationin their
originalform, agreatamountof computatiorcanbe savedif some
of theanalyticalfunctionsinvolved(e.g.themodifiedBessefunc-
tions of zeroandfirst order)areapproximatedy low orderpoly-
nomials. Thanksto this approachfiltering time wasreducedby
tenfold (makingthe algorithm quite asfastas subtraction)while
resultswerealmostidentical.

However, MMSE spectralamplitudeestimator([14]) doesnot
work well with continuousestimate:ithe presencef speecttom-
ponentsin noise estimategave rise to “reverberation”tails in
speectsignal,andrecognitionrateswerefar lower thanthe base-
line ones. MMSE log-estimator([15]), on the other hand,was
morepleasanto listen, but its performanceavasstill poor.



The adoptionof medianestimategave moresignificantresults,
asonecanseein Figure2. The bestperformancdor bothtech-
niquesappearso be for agy around0.88-0.9,at leastfor the
valuesunderinvestigation.
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Fig. 2. Comparisorof MMSE [14] andlog-MMSE [15] estimator
performance.

Even thoughboth algorithmsgive a perceptuallymore pleas-
antoutputthansubtractionrecognitionratesarelower. Moreover,
from our experimentdog-spectrakstimatorappearso be superior
to spectrakstimatoybothfor noisereductiorandperformancém-
provement.

6. CONCLUSIONS

This work hasdescribedan ongoingactiity on the adoptionof
noisereductiontechniquesn a taskof speectrecognitionin car
ervironment. The study in its preliminary stage , was conducted
usingstandardalgorithms,with differentparametesetting,anda
real databasef digits, which was extractedfrom SpeechDaCar
database.Resultsshaved that spectralsubtractionslightly out-
performsthe othertechniques|eadingto a relative improvement
around30%in digit accurag.

Next stepswill beorientedto thejoint useof theherepresented
noisereductiontechniquesandof speecltontaminatiorfor HMM
training [5], possiblywith tasksbasedon medium-lage vocalu-
laries. Moreover, theimpactof effective speechactivity detection
algorithmsin this framework will be investigated.The final pur
poseis thedevelopmenif anadwancedsystenfor drivermachine
dialogueinteractionbeingstudiedunderVICO project.
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