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Abstract

We describea large audio-visualspeechcorpusrecordedin a
carervironment,aswell astheequipmentndproceduresised
to build this corpus.Dataarecollectedthrougha multi-sensory
arrayconsistingof eightmicrophone®n the sunvisor andfour
videocamera®n the dashboardThescriptfor the corpuscon-
sistsof four cateyories: isolateddigits, isolatedletters, phone
numbersandsentencesall in English. Spealersfrom various
languageébackgroundsreincluded,50 maleand50 female.
In orderto vary the signal-to-noiseratio, eachscript has

ve differentnoiseconditions: idling, driving at 35mph with
windows openand closed, and driving at 55mph with win-
dows open and closed. The corpusis available through
< http://wwwifp.uiuc.edu/speechfACAR/> .

1. Intr oduction

Human perceptionof speechis a multimodal process. The
acoustic speechsignal is the primary cue for recognizing
speechbut visual obsenation of the lips, teeth,tongue,and
jaw contritute to perceptionof phonemearticulation, while
the angle of the headand raising of the eyebrawvs help con-
vey sentence-leel prosody[1]. Humanbehaior of combin-
ing audioandvisualinformationfor speectrecognitionis well
demonstratedby the McGurk effect [2] in which the discrep-
ang betweenaudio and visual information resultsin percep-
tual confusion. Visual information playsanimportantrole es-
peciallyin noisy ervironment9g3] [4] which encouragehe ad-
ditionaluseof visualinformationto increasespeechrecognition
accurag.

Automaticspeechrecognition(ASR) achiezeshigherthan
99% correctrecognitionaccuray for connectedligits usinga
hiddenMarkov Model (HMM) recognizespeci cally designed
for this task[5]. However, the performancelegradesseverely
whenthetrainingandtestdatasetshave mismatchedhoisecon-
ditions suchasssignal-to-noiseatio (SNR) or speakingstyles.
To build a robust speechrecognizera very large training data
setmaybeusedto cover all possibletypesof acousticvariabil-
ity. Featureandmodelcompensatiormanbe usedto reducethe
sensitvity of an HMM to acousticnoise[6], but even noise-
compensatednodelsperform bestwhen trainedusing mixed-
SNRdata[7].

Backgroundnoise affects the acousticervironmentas an
additive noisesignal at the microphone but moreimportantly
by causingthe spealer to increasevocal effort to overcome
noiselevelsin his own ears(the Lombardeffect) [8]. Thevari-
ation of speectproductioncausedy noiseexposureat the ear
candegradeperformancenorethantheambientoiseitself [9].
Becauseof this, simply addingadditive noiseto speechdata
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recordedn a quietervironmentmay not producetraining data
thatadequatelyepresentseal-world testconditions.

Oneof the noisy ervironmentsin needof a speechrecog-
nizeris theinside of an automobile.Operatingcertaindevices
suchasatelephoner a carnavigationsystenby handmaydis-
tractthe driver. Even basicfunctionssuchasoperatingan air
conditioneror the caraudiosystemmay causeundesirablelis-
traction. A reliablespeectrecognitionsystemfor the automo-
bile ervironmentcanbe a goodalternatve to manualoperation
of thosefunctions.

In our researchyve have found that typical acousticback-
ground noiselevels in a car vary from approximatelyl5dB
SNR to -10dB SNR. For automobileervironments, various
microphonetypesand positionscanincreaseSNR [10]. An-
other approachis to use a microphonearray to increasethe
SNR[11]. In orderto try methodgo improve the performance
of speechrecognizergor theautomobileervironment,it is nec-
essanyto have an extensve speecldatabaseecordedn actual
cars.SpeechDat-Cdf 2] is amultilingual databasef nine Eu-
ropeanlanguagesecordedin an automobileenvironment. It
startedin 1998and600 sessionsvill be recordedwith at least
300 spealkrsfor eachlanguage.It usesa total of four micro-
phonespnenear eld microphoneasareferenceandthreefar-
eld microphones.CU-Move [13] is a databaseising an ar
rayof vemicrophonesvith areferencemicrophoneo capture
backgroundhoise.An overview of variouscarspeecldatabases
is presentedn [14].

Combiningvisualandaudioinformationcanimprove ASR
accuray for low SNRconditions[15]. For humansijt hasbeen
shavn thatthe presencef the visual signalis roughly equiva-
lenttoal12dB gainin acousticSNR[3]. Automaticsystemsan
shaw similar bene ts: the combinationof audioandvisualfea-
turesusingacoupledHMM (CHMM) canimprove wordrecog-
nition accurag by morethan40%at 20dB SNR with additive
white Gaussisamoise[16].

Audio-visual databases currently available include
MOCHA [17] and CUAVE [18]. Becauseof the large size
of eachdata le, the numberof spealersis limited: 10 for
MOCHA and 37 for CUAVE. The size of vocahulary is also
limited: 78 isolatedwords for MOCHA and only connected
andisolateddigits for CUAVE. Thesedatabasesre recorded
in aquietof ce ervironmentwith only onemicrophone.

We are interestedin low SNR speechrecognitionusing
a microphonearray combinedwith visual information to in-
creaseaccurayg. In orderto facilitatestudyof this problem,we
have collecteda speechrecognitiontraining andtestdatabase
recordedin a moving automobileusingan array of four cam-
erasandeightmicrophonegAVICAR: audio-visualspeechin a
car).



2. Array of sensors
2.1. Micr ophonearray and beamforming

The purposeof usingan array of microphonesasinput to an
ASR systemis its ability to acquirean enhancedsignal us-
ing beamformingalgorithms.Delay-and-sunbeamformingm-

proves SNR by suppressingsourcesoff the main axis of the
beam. Adaptive beamformersselectvely suppresshe noise
power incidentfrom directionsotherthanthe source[19] [20].

Variousmicrophonearrayprocessingnethodsarewell summa-
rizedin [11].

Automobileervironmentshave variouskinds of noisesuch
aswind noise,roadnoise,andvehiclespassingoy. Thesenoise
sourcesoriginate from different directionsthan the spealer,
so their impact can be minimized by using a microphonear-
ray. It hasbeendemonstratedhat beamformingcan reduce
the word error rate of a speechrecognizerin noisy environ-
ments[21] [22].

2.2. Visual feature extraction and 3D facemodeling

An arrayof camerasillowsfor theextractionof 3D shape-based
featuresfor audio-visualspeechrecognition. The main ap-
proachegor visualfeatureextractionfromimagesequencesan
be groupedinto image-basedyisual-motion-basedyeometric-
feature-basedand model-basedpproache$23]. The adwan-
tageof this last approachis that model-basedeaturescan of-
ten be madeinvariantto imagetransformationsuchastrans-
lation, rotation,andlighting [23]. Oneproblemwith thevideo
datacapturedn anautomobileis anillumination effect: light-
ing conditionsvary widely andthesechanginglight conditions
arelik ely to dominatethe obsereddistribution of image-based
audio-visualspeectrecognitionfeatures substantiallydegrad-
ing theword recognitionaccurayg atlow SNR.To compensate
for variablelighting, we proposeto supplemenimage-based
featureswith 3D model-basedeaturesextractedfrom a cam-
eraarray 3D modelsof lip movementcanbe estimatedrom
2D imagedata[24]. It is possibleto constructa 3D modeland
facialfeatureextractionwith imagesrom differentangleq25].

3. Equipment
3.1. Audio

An arrayof eightomnidirectionaimicrophone<apturesaudio.
Theoff-the-shelfcell phonemicrophonesndthe LM386 audio
preampli ers are inexpensve and comparablego whata com-
mercialsystemwould use. Eachmicrophonds 6 mmin diam-
eter They arespacedL.5inchesapart. Microphonepreampli-
ers are mountedat the microphoneon the sunvisor. Seven

of the eight preampli ed audiochannelsare sentto an ADAT

(AdvancedDigital Audio Tape)throughshieldedcables. The
ADAT recordseight audiochannelsat 16bit resolutionwith a

samplingrate of 48kHz. We consideredrecordingaudio di-

rectly to the harddisk of a laptop,but the ADAT tapesprovide

a safebackup,a “cameramaster”in the jargon of professional
videoproduction.Onechannelof the ADAT is reseredfor the

controlsequencedescribedn section3.3.

3.2. Video

Camerasabove the windshieldor far to the side have a poor
view of the subjects mouth, so the camerasare placedon the
dashboard.Mounting more than four camerasdn this limited
spacedoesnot increasethe amountof useful dataenoughto

warranttheextracompleity of morecamcorderandmoredata
les. Therefore we chosean arrayof four camerado capture
video(Fig. 1). Eachcameras aimedfrom differentpositionson
thedashboardo capturehefaceregionof apersorsittingin the
front passengeseat. Black cardboardenshoodsreduceglare
andalsohelpin aimingthecamerasThefour videostreamsre
combinedby a video multiplexer and sentto a MiniDV cam-
corder Oneof thetwo audiochannelf the camcordeis used
for theeighthmicrophondnputfrom themicrophonearray;the
otheris usedfor acontrolsequenc&hichis exactlythesameas
thatrecordedby the ADAT. Thecamcordeusegshe sameaudio
resolutionandsamplingrateasthe ADAT.

Figurel: Eight microphoneon the sunvisor, four cameason
thedashboad.

3.3. Control sequence

Sincethe corpusis multimodal, we needto synchronizethe
data. Also, we needto sggmentthe datafrom the raw record-
ings into individual utteranceunits. For efciency in building
a databaseautomaticsynchronizatiorand sggmentationis re-
quired.

We use DTMF (Dual Tone Multi-Frequeng) tonesas a
controlsequenceDTMF controltonesaregeneratedby atele-
phonehandsetheld by the subject(Fig. 2). As with mostof
the otherequipmentthe telephonéhandsets inexpensve con-
sumertechnology:testedto survive aluse,andeasilyreplace-
ablewhenit doesfail. Whenbackin the laboratory we use
similarly robustDTMF detectionsoftware.

Onetoneoutof tendigitsis assignedo eachutterancen the
script,andsubjectsareasledto presgheassigneduttonbefore
speakingMistakesaremarkedwith the™ ' button,pausesvith
the *# ' button. The DTMF signalis fed into both the ADAT
andcamcorder

During postprocessingsgggmentatiorandlabelingaredone
with the informationaboutwhich toneis detected.The onset
of eachtone synchronizeshe recordingsfrom the ADAT and
camcorder

3.4. Installation

For the equipmentwe have threesignal sourceqarray of mi-
crophones,cameras,and DTMF generator)and two record-
ing devices (ADAT and MiniDV camcorder). Recordingde-
vicesarelocatedin the backseat. Every device is poweredby
the AC power from a DC to AC corverter exceptfor the 9V



battery-paveredmicrophonepreampli ers. Equipmentinstal-
lation takesone person20 minutes,removal 10 minutes. Fig-
ure3 shawvs all the signalpaths.

4. Spealersand scripts

The corpusincludes 100 spealrs, 50 male and 50 female.
About 60% are native spealers of American English, while
othershave Latin American,EuropeanEastAsian, and South
Asian backgroundsAll speechrecordedfor the databaseés in
English.

Tablel: Categgoriesfor ead script set.

| Category | Examples |
IsolatedDigits one,two, ,ten,oh,zero,done
IsolatedLetters a,b,c, ,z
Phonenumbers (163)516-3885
TIMIT Sentences Whenall elsefails, useforce.

Tendifferentscriptsetsareusedfor thecorpusandeachset
is for tenspealers, vemaleand vefemale.Catagoriesof each
scriptsetarelistedin Tablel. Isolateddigits are usedto train
recognitionmodelsfor automatiadialing purposeslsolatedet-
tersareusefulfor the studyof dif cult phoneticcontrastse.g.,
“bee'vs. ‘de€. Phonenumbersareincludedasconnectedligits
becausautomatiadialing is a potentiallyimportantapplication
of thistechnology Phoneticallybalancedl'IMIT sentencesare
includedto provide training and testdatafor phoneme-based
recognizerg26]. Subjectsare asled to speakisolateddigits
andletterstwice undereachnoisecondition. Eachscriptsethas
20 phonenumberswith 10digits each,atotal of 200individual
digits choserrandomlywith uniform frequeng. For 10 phone
numbers’0' is pronouncedas “zero', for the other 10 phone
numbers, oh! A total of 20 sentenceareusedin eachscript
set. Thesesentencesrerandomlychosenout of 450 phoneti-
cally compacsentencefomtheTIMIT speecldatabaseEach
speakrreadsonescriptsetrepeatediynder vedifferentnoise
conditions.The vocahulary of this corpusconsistsof 13 digits,
26 isolatedletters,and otherwordsin TIMIT sentencesior a
totalvocahulary sizeof 1,317words. Thetotal numberof utter
ancesds 118for eachscriptset. Sincethesescriptsarerecorded
from 100spealersandrepeatedinder vedifferentnoisecondi-
tions,thetotal numberof utterancess 59,000recordedn eight
audioandfour videochannels.

Figure2: Scriptwith thetelephonéhandset.
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Figure3: Equipmensetup.

5. Postprocessing

Audio andvideo dataarecollectedon the ADAT andMiniDV
tapesduring the recordingsession. Data on those magnetic
tapesaretransferredo the computerfor postprocessing.

5.1. Audio

Audio datain the ADAT are transferredvia an optical cable
througha multi-channelFirewire (IEEE 1394)audiointerface
(MOTU 828mkll)to thecomputer Eight-channehudiosignals
are saved as .WAV les. The eighth channelwhich contains
the DTMF control sequencds separatedor onsetdetection
andidenti cation of eachtone. Audio dataare downsampled
from 48kHz to 16kHz after segmentation. Speechamplitude
variesasa function of noiselevel becausef the Lombardef-

fect(Fig. 4).

Figure4: Thespeeb waveform sesen' under ve noisecondi-
tions.

5.2. Video

Video dataincluding the two-channelaudio datain MiniDV
tapearetransferredhroughthe Firewire interfaceto the com-
puter Audio channelcontainingthe control sequencds sepa-
ratedfor segmentation.Onechannelcontainingthe eighthmi-
crophonesignalis sggmentedaccordingo thecontrolsequence
andaddedto the audiodata. The video stream(Fig. 5) is en-
codedto a compressedormatto reducethe sizeandthenalso
segmentecdaccordingto the controlsequence.



Figure5: A snapshobf thevideostream.

6. Conclusions

We have built aspealerindependentulti-sensoryaudio-visual
speectrorpusin a carenvironment. This databasés available
by requesfrom < http://wwwifp.uiuc.edu/speech¥ACAR/> .
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