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Abstract

We describea large audio-visualspeechcorpusrecordedin a
carenvironment,aswell astheequipmentandproceduresused
to build this corpus.Dataarecollectedthrougha multi-sensory
arrayconsistingof eightmicrophoneson thesunvisorandfour
videocamerason thedashboard.Thescriptfor thecorpuscon-
sistsof four categories: isolateddigits, isolatedletters,phone
numbers,andsentences,all in English. Speakersfrom various
languagebackgroundsareincluded,50maleand50 female.

In order to vary the signal-to-noiseratio, eachscript has
� ve differentnoiseconditions: idling, driving at 35mph with
windows open and closed,and driving at 55mph with win-
dows open and closed. The corpus is available through
< http://www.ifp.uiuc.edu/speech/AVICAR/> .

1. Intr oduction
Human perceptionof speechis a multimodal process. The
acoustic speechsignal is the primary cue for recognizing
speech,but visual observation of the lips, teeth, tongue,and
jaw contribute to perceptionof phonemearticulation, while
the angleof the headand raising of the eyebrows help con-
vey sentence-level prosody[1]. Humanbehavior of combin-
ing audioandvisual informationfor speechrecognitionis well
demonstratedby the McGurk effect [2] in which the discrep-
ancy betweenaudioand visual information resultsin percep-
tual confusion.Visual informationplaysan importantrole es-
pecially in noisyenvironments[3] [4] which encouragethead-
ditionaluseof visualinformationto increasespeechrecognition
accuracy.

Automaticspeechrecognition(ASR) achieveshigherthan
99% correctrecognitionaccuracy for connecteddigits usinga
hiddenMarkov Model(HMM) recognizerspeci�cally designed
for this task[5]. However, the performancedegradesseverely
whenthetrainingandtestdatasetshavemismatchednoisecon-
ditions suchassignal-to-noiseratio (SNR) or speakingstyles.
To build a robust speechrecognizer, a very large training data
setmaybeusedto cover all possibletypesof acousticvariabil-
ity. Featureandmodelcompensationcanbeusedto reducethe
sensitivity of an HMM to acousticnoise[6], but even noise-
compensatedmodelsperformbestwhentrainedusingmixed-
SNRdata[7].

Backgroundnoiseaffects the acousticenvironmentas an
additive noisesignalat the microphone,but moreimportantly
by causingthe speaker to increasevocal effort to overcome
noiselevelsin his own ears(theLombardeffect) [8]. Thevari-
ationof speechproductioncausedby noiseexposureat theear
candegradeperformancemorethantheambientnoiseitself [9].
Becauseof this, simply addingadditive noiseto speechdata

recordedin a quietenvironmentmaynot producetrainingdata
thatadequatelyrepresentsreal-world testconditions.

Oneof the noisy environmentsin needof a speechrecog-
nizer is the insideof anautomobile.Operatingcertaindevices
suchasatelephoneor acarnavigationsystemby handmaydis-
tract the driver. Even basicfunctionssuchasoperatingan air
conditioneror thecaraudiosystemmaycauseundesirabledis-
traction. A reliablespeechrecognitionsystemfor theautomo-
bile environmentcanbea goodalternative to manualoperation
of thosefunctions.

In our research,we have found that typical acousticback-
groundnoise levels in a car vary from approximately15dB
SNR to -10dB SNR. For automobileenvironments,various
microphonetypesand positionscan increaseSNR [10]. An-
other approachis to use a microphonearray to increasethe
SNR[11]. In orderto try methodsto improve theperformance
of speechrecognizersfor theautomobileenvironment,it is nec-
essaryto have anextensive speechdatabaserecordedin actual
cars.SpeechDat-Car[12] is amultilingualdatabaseof nineEu-
ropeanlanguagesrecordedin an automobileenvironment. It
startedin 1998and600sessionswill be recordedwith at least
300 speakersfor eachlanguage.It usesa total of four micro-
phones,onenear-�eld microphoneasa referenceandthreefar-
�eld microphones.CU-Move [13] is a databaseusing an ar-
rayof � vemicrophoneswith areferencemicrophoneto capture
backgroundnoise.An overview of variouscarspeechdatabases
is presentedin [14].

CombiningvisualandaudioinformationcanimproveASR
accuracy for low SNRconditions[15]. For humans,it hasbeen
shown that thepresenceof thevisualsignalis roughlyequiva-
lentto a12dB gainin acousticSNR[3]. Automaticsystemscan
show similar bene�ts: thecombinationof audioandvisualfea-
turesusingacoupledHMM (CHMM) canimprovewordrecog-
nition accuracy by morethan40%at 20dB SNRwith additive
whiteGaussisannoise[16].

Audio-visual databases currently available include
MOCHA [17] and CUAVE [18]. Becauseof the large size
of eachdata �le, the numberof speakers is limited: 10 for
MOCHA and 37 for CUAVE. The size of vocabulary is also
limited: 78 isolatedwords for MOCHA and only connected
and isolateddigits for CUAVE. Thesedatabasesare recorded
in aquietof�ce environmentwith only onemicrophone.

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



2. Array of sensors
2.1. Micr ophonearray and beamforming

The purposeof usingan arrayof microphonesas input to an
ASR systemis its ability to acquirean enhancedsignal us-
ing beamformingalgorithms.Delay-and-sumbeamformingim-
proves SNR by suppressingsourcesoff the main axis of the
beam. Adaptive beamformersselectively suppressthe noise
power incidentfrom directionsotherthanthesource[19] [20].
Variousmicrophonearrayprocessingmethodsarewell summa-
rizedin [11].

Automobileenvironmentshavevariouskindsof noisesuch
aswind noise,roadnoise,andvehiclespassingby. Thesenoise
sourcesoriginate from different directions than the speaker,
so their impact can be minimized by using a microphonear-
ray. It hasbeendemonstratedthat beamformingcan reduce
the word error rate of a speechrecognizerin noisy environ-
ments[21] [22].

2.2. Visual featureextraction and 3D facemodeling

An arrayof camerasallowsfor theextractionof 3D shape-based
featuresfor audio-visualspeechrecognition. The main ap-
proachesfor visualfeatureextractionfrom imagesequencescan
begroupedinto image-based,visual-motion-based,geometric-
feature-based,andmodel-basedapproaches[23]. The advan-
tageof this last approachis that model-basedfeaturescanof-
ten be madeinvariant to imagetransformationssuchastrans-
lation, rotation,andlighting [23]. Oneproblemwith thevideo
datacapturedin anautomobileis an illumination effect: light-
ing conditionsvary widely andthesechanginglight conditions
arelikely to dominatetheobserveddistributionof image-based
audio-visualspeechrecognitionfeatures,substantiallydegrad-
ing theword recognitionaccuracy at low SNR.To compensate
for variable lighting, we proposeto supplementimage-based
featureswith 3D model-basedfeaturesextractedfrom a cam-
eraarray. 3D modelsof lip movementcanbe estimatedfrom
2D imagedata[24]. It is possibleto constructa 3D modeland
facialfeatureextractionwith imagesfrom differentangles[25].

3. Equipment
3.1. Audio

An arrayof eightomnidirectionalmicrophonescapturesaudio.
Theoff-the-shelfcell phonemicrophonesandtheLM386 audio
preampli�ers are inexpensive andcomparableto what a com-
mercialsystemwould use.Eachmicrophoneis 6mm in diam-
eter. They arespaced1.5inchesapart. Microphonepreampli-
�ers aremountedat the microphoneson the sunvisor. Seven
of the eight preampli�ed audiochannelsaresentto an ADAT
(AdvancedDigital Audio Tape)throughshieldedcables. The
ADAT recordseight audiochannelsat 16bit resolutionwith a
samplingrate of 48kHz. We consideredrecordingaudio di-
rectly to theharddisk of a laptop,but theADAT tapesprovide
a safebackup,a “cameramaster”in the jargonof professional
videoproduction.Onechannelof theADAT is reservedfor the
controlsequence,describedin section3.3.

3.2. Video

Camerasabove the windshieldor far to the side have a poor
view of the subject's mouth,so the camerasareplacedon the
dashboard.Mounting more than four camerasin this limited
spacedoesnot increasethe amountof useful dataenoughto

warranttheextracomplexity of morecamcordersandmoredata
�les. Therefore,we choseanarrayof four camerasto capture
video(Fig.1). Eachcamerais aimedfrom differentpositionson
thedashboardto capturethefaceregionof apersonsittingin the
front passengerseat.Black cardboardlenshoodsreduceglare
andalsohelpin aimingthecameras.Thefour videostreamsare
combinedby a video multiplexer andsentto a MiniDV cam-
corder. Oneof thetwo audiochannelsof thecamcorderis used
for theeighthmicrophoneinput from themicrophonearray;the
otheris usedfor acontrolsequencewhichis exactlythesameas
thatrecordedby theADAT. Thecamcorderusesthesameaudio
resolutionandsamplingrateastheADAT.

Figure1: Eight microphoneson thesunvisor, four camerason
thedashboard.

3.3. Control sequence

Since the corpusis multimodal, we needto synchronizethe
data. Also, we needto segmentthe datafrom the raw record-
ings into individual utteranceunits. For ef�ciency in building
a database,automaticsynchronizationandsegmentationis re-
quired.

We use DTMF (Dual Tone Multi-Frequency) tonesas a
controlsequence.DTMF control tonesaregeneratedby a tele-
phonehandsetheld by the subject(Fig. 2). As with most of
theotherequipment,thetelephonehandsetis inexpensive con-
sumertechnology:testedto survive abuse,andeasilyreplace-
able when it doesfail. When back in the laboratory, we use
similarly robustDTMF detectionsoftware.

Onetoneoutof tendigitsisassignedtoeachutterancein the
script,andsubjectsareaskedto presstheassignedbuttonbefore
speaking.Mistakesaremarkedwith the`� ' button,pauseswith
the `# ' button. The DTMF signal is fed into both the ADAT
andcamcorder.

Duringpostprocessing,segmentationandlabelingaredone
with the informationaboutwhich toneis detected.The onset
of eachtonesynchronizesthe recordingsfrom the ADAT and
camcorder.

3.4. Installation

For the equipment,we have threesignalsources(arrayof mi-
crophones,cameras,and DTMF generator)and two record-
ing devices (ADAT and MiniDV camcorder). Recordingde-
vicesarelocatedin thebackseat.Every device is poweredby
the AC power from a DC to AC converterexcept for the 9V



battery-poweredmicrophonepreampli�ers. Equipmentinstal-
lation takesoneperson20 minutes,removal 10 minutes. Fig-
ure3 showsall thesignalpaths.

4. Speakersand scripts
The corpus includes100 speakers, 50 male and 50 female.
About 60% are native speakers of American English, while
othershave Latin American,European,EastAsian,andSouth
Asian backgrounds.All speechrecordedfor the databaseis in
English.

Table1: Categoriesfor each 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 tenspeakers,� vemaleand� vefemale.Categoriesof each
script setarelisted in Table1. Isolateddigits areusedto train
recognitionmodelsfor automaticdialingpurposes.Isolatedlet-
tersareusefulfor thestudyof dif�cult phoneticcontrasts,e.g.,
`bee'vs. `dee.' Phonenumbersareincludedasconnecteddigits
becauseautomaticdialing is apotentiallyimportantapplication
of this technology. PhoneticallybalancedTIMIT sentencesare
includedto provide training and test datafor phoneme-based
recognizers[26]. Subjectsare asked to speakisolateddigits
andletterstwiceundereachnoisecondition.Eachscriptsethas
20phonenumberswith 10digitseach,a total of 200individual
digits chosenrandomlywith uniform frequency. For 10 phone
numbers`0' is pronouncedas `zero', for the other 10 phone
numbers,̀ oh.' A total of 20 sentencesareusedin eachscript
set. Thesesentencesarerandomlychosenout of 450phoneti-
cally compactsentencesfrom theTIMIT speechdatabase.Each
speakerreadsonescriptsetrepeatedlyunder� vedifferentnoise
conditions.Thevocabulary of this corpusconsistsof 13 digits,
26 isolatedletters,andotherwordsin TIMIT sentences,for a
totalvocabularysizeof 1,317words.Thetotalnumberof utter-
ancesis 118for eachscriptset.Sincethesescriptsarerecorded
from100speakersandrepeatedunder� vedifferentnoisecondi-
tions,thetotalnumberof utterancesis 59,000recordedin eight
audioandfour videochannels.

Figure2: Scriptwith thetelephonehandset.
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Figure3: Equipmentsetup.

5. Postprocessing
Audio andvideodataarecollectedon theADAT andMiniDV
tapesduring the recordingsession. Data on thosemagnetic
tapesaretransferredto thecomputerfor postprocessing.

5.1. Audio

Audio data in the ADAT are transferredvia an optical cable
througha multi-channelFirewire (IEEE 1394)audiointerface
(MOTU 828mkII) to thecomputer. Eight-channelaudiosignals
are saved as .WAV �les. The eighth channelwhich contains
the DTMF control sequenceis separatedfor onsetdetection
and identi�cation of eachtone. Audio dataaredownsampled
from 48kHz to 16kHz after segmentation.Speechamplitude
variesasa function of noiselevel becauseof the Lombardef-
fect (Fig. 4).

Figure4: Thespeech waveform̀ seven' under�ve noisecondi-
tions.

5.2. Video

Video data including the two-channelaudio data in MiniDV
tapearetransferredthroughthe Firewire interfaceto the com-
puter. Audio channelcontainingthe control sequenceis sepa-
ratedfor segmentation.Onechannelcontainingtheeighthmi-
crophonesignalis segmentedaccordingto thecontrolsequence
andaddedto the audiodata. The video stream(Fig. 5) is en-
codedto a compressedformat to reducethesizeandthenalso
segmentedaccordingto thecontrolsequence.



Figure5: A snapshotof thevideostream.

6. Conclusions
Wehavebuilt aspeaker-independentmulti-sensoryaudio-visual
speechcorpusin a carenvironment.This databaseis available
by requestfrom < http://www.ifp.uiuc.edu/speech/AVICAR/> .
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